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Abstract


Urban high-density development has led to the emergence of complex three-dimensional pedestrian networks. As a crucial component of city centers, these networks significantly influence the spatial distribution of service industries. Understanding the correlation between pedestrian networks and service industry layouts is vital for effective planning and development. This study proposes a technical framework for analyzing the relationship between three-dimensional pedestrian networks and service industry layouts. Using the Xinjiekou central area in Nanjing as a case study, we constructed a three-dimensional pedestrian network model using the sDNA method. Focusing on catering formats, we introduced a method to study the spatial distribution characteristics of service industries in three-dimensional spaces and employed a graph convolutional network model to systematically analyze the correlation between pedestrian network closeness and betweenness with catering formats. The results indicate that pedestrian network closeness is significantly positively correlated with the number and average spending of catering formats, while betweenness shows almost no correlation. High-closeness areas, due to their traffic convenience and walkability, are more conducive to the concentration of catering formats and higher spending levels. Our findings provide valuable insights for catering format location decisions and the optimization of three-dimensional pedestrian networks, contributing to sustainable urban development.
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1. Introduction


The high-density vertical development of city centers has triggered a shift in pedestrian networks from two-dimensional to three-dimensional space [1,2]. Chicago began constructing its underground pedestrian network in the 1960s, which now spans 8 miles across more than 40 blocks, connecting over 50 landmarks, including Macy’s, City Hall, the Chicago Cultural Center, large malls, office buildings, and municipal buildings [3]. The three-dimensional pedestrian network has not only improved the accessibility of urban spaces [4] but also revitalized the commercial interfaces of underground and upper-level spaces, leading to the emergence of more restaurants and shops [5]. As the primary driver of urban economies, the service industry’s layout in three-dimensional space is critical to the vitality and economic development of cities [6,7]. The service industry encompasses various sectors, including commercial services, dining services, and cultural entertainment services [8], with catering formats, due to their high-frequency consumption and strong reliance on accessibility, serving as a prime example for studying the correlation between three-dimensional pedestrian networks and service industry layouts [9]. Meanwhile, within commercial complexes, the proportion of catering formats in three-dimensional spaces has been steadily rising. In 2023, catering accounted for 32.0% of the total space in approximately 200 shopping centers across 11 cities in China, marking a 1.1% increase from 2022 (https://www.winshang.com/index.html, accessed on 4 February 2024). This trend indicates that the growth of catering formats not only meets consumers’ basic needs but also enhances urban space utilization efficiency through its integration with three-dimensional pedestrian networks [10,11,12].



However, existing research primarily focuses on analyzing the spatial relationship between pedestrian networks and the layout of the catering format in two-dimensional space. For example, the studies by Li et al. (2020) [13], Wang et al. (2019) [14], and Njomo (2018) [15] offer valuable insights but fail to fully reveal the interactions and relationships between catering formats and transportation in three-dimensional space. This limitation constrains the application of urban planning in high-density vertical spaces. Thus, there is an urgent need for a method that can analyze the spatial relationship between pedestrian networks and the layout of catering formats in three-dimensional space to better guide the rational utilization and optimization of urban space.



The theory of “Urban Volumetrics” provides a new perspective for understanding the complex relationship between pedestrian networks and service industries in three-dimensional space. Bruyns et al. (2019) pointed out that as cities evolve from two-dimensional “flat cities” to three-dimensional “volumetric cities”, traditional two-dimensional spatial analysis methods face limitations in high-density vertical cities and are unable to effectively explain complex functional layouts [16]. The concept of volumetric cities introduces multidimensional features such as density, functional mixing, and spatial compression, emphasizing the interaction between transportation networks and commercial functions in vertical space, which is particularly suitable for analyzing high-density cities like Hong Kong [17,18].



Urban morphology further lays the foundation for research in three-dimensional space. Moudon (1997) views urban morphology as an interdisciplinary field of study, revealing the interaction between urban form and social and economic functions [19]. Building on this, Conzen’s (1960) urban morphology model analyzes street networks, building layouts, and plot structures to uncover the relationship between the historical evolution of urban form and its modern functions [20]. These theories provide essential support for analyzing the coupling relationship between pedestrian networks and functional distribution in high-density urban environments, especially in three-dimensional space [21,22].



With technological advancements, the combination of urban morphology and artificial intelligence offers new perspectives for urban spatial analysis. Stojanovski’s (2022) research highlights that technologies such as machine learning and neural networks can efficiently identify urban morphological patterns and predict urban development dynamics, providing technical support for complex three-dimensional pedestrian network analysis [23]. Moreover, Wang et al. (2023) proposed a method that combines earth observation (EO) with urban morphometrics by extracting essential urban elements from satellite images and applying morphometric techniques to derive meaningful urban morphological patterns [24]. This “EO + Morphometrics” approach is particularly suited for large-scale urban morphological analysis, allowing for the identification and quantification of urban morphological characteristics, thereby providing new tools and data support for understanding three-dimensional pedestrian networks and industry layouts in high-density cities.



Classic urban morphology methods, such as Bill Hillier’s (1996) space syntax theory, reveal the impact of spatial configuration on social behavior by analyzing the topological structure of spatial networks [25]. Lu et al. (2019) generated horizontal and vertical 3D accessible points using the visibility range and evaluated the visibility of three-dimensional spaces by calculating the relationships between points [26]. Hoelscher (2012) simulated three-dimensional pedestrian networks in two-dimensional planes using layered connections to model vertical transportation axes, which provided better explanatory power for pedestrian route choice behavior in three-dimensional pedestrian networks [27].



However, traditional spatial analysis methods face challenges in modeling complex three-dimensional pedestrian networks, particularly in clarifying vertical connections. To address these shortcomings, a research team from Cardiff University developed the spatial design network analysis (sDNA) tool. This tool can precisely calculate spatial network models, simulate pedestrian flow in three-dimensional pedestrian networks, and calibrate and predict real-world data, thereby supporting planning decisions for essential public infrastructure [28]. Therefore, using sDNA to analyze the characteristics of three-dimensional pedestrian networks allows for a more accurate representation of pedestrian network distribution patterns in three-dimensional space.



In this manuscript, we propose a technical framework to analyze the relationship between three-dimensional pedestrian networks and service industry layouts. Taking Nanjing’s Xinjiekou as a case study, we used the sDNA method to construct a three-dimensional pedestrian network model and focused on catering formats as an example to propose a new approach for analyzing the spatial distribution characteristics of service industries in three-dimensional space. At the same time, we introduced a Graph Convolutional Network (GCN) model to systematically analyze the relationship between three-dimensional pedestrian networks and catering formats, thereby enhancing our understanding of the distribution patterns of both. This research aims to promote the sustainable development of city centers by addressing the following questions: (1) What are the distribution characteristics of pedestrian networks and catering industries in three-dimensional space? (2) What is the relationship between the two? By addressing these questions, we hope to provide insights into the distribution patterns of three-dimensional pedestrian networks and the layout of the catering formats, offering references for road network planning and industry layout in high-density cities.



The remainder of this manuscript is structured as follows: Section 2 introduces the study area and data sources; Section 3 presents the methodological design; Section 4 discusses the analytical results; Section 5 outlines the findings, innovations, and limitations of this research; and Section 6 concludes the study.




2. Research Area and Data Sources


2.1. Research Area


Xinjiekou is located in the central district of Nanjing, Jiangsu Province (Figure 1), and is renowned as one of China’s most famous commercial centers, with a history spanning over a century. Known as the “Number One Commercial Circle in China”, this area hosts more than 700 stores, with approximately 30 large and medium-sized enterprises each occupying over 10,000 square meters of space, showcasing a notable trend toward three-dimensional development. Xinjiekou is not only the core of Nanjing’s above-ground commercial activities but also one of the most concentrated areas for underground space development. As the largest metro transfer station in Asia, Xinjiekou Station connects more than ten major commercial complexes, forming a closely interconnected commercial service network that spans both above-ground and underground spaces. This unique urban morphology facilitates efficient pedestrian flow and seamless movement between different levels, fostering a highly integrated environment for shopping, dining, and entertainment. This diverse range of activities attracts a large number of local residents as well as domestic and international tourists, making Xinjiekou a key driver of Nanjing’s thriving service industry. Therefore, the complex three-dimensional pedestrian network and dense commercial service layout of Xinjiekou make it an ideal subject for this study.



Xinjiekou is not only the commercial center of Nanjing but also a crucial strategic node in the Yangtze River Delta economic zone. As the “heart” of Nanjing, Xinjiekou exerts a strong influence on surrounding cities through its highly developed commercial network and convenient transportation system, driving the linked development of consumption and entertainment industries across the region. With the deepening economic integration of the Yangtze River Delta, this cross-regional economic synergy has positioned Xinjiekou not only as a core area of local consumption but also as a hub for interregional commercial activities within the Yangtze River Delta. This provides a unique urban context and an important empirical basis for exploring the relationship between three-dimensional pedestrian networks and service industry layouts in this study.




2.2. Data Sources


This study used three types of data, namely, three-dimensional walking network data, catering formats data, and per capita consumption data for the catering formats. We drew on the method of Zhang and Qing (2019) to model the three-dimensional walking network data in AutoCAD2024 [29]. The catering format data were programmed using Python3.11 from the Gaode2.0 developer platform (https://lbs.amap.com, accessed on 30 October 2023), which includes the name, category, spatial location, and other information of the catering formats. The per capita consumption data of the catering formats came from Dianping.com11.12.5 (https://www.dianping.com, accessed on 4 December 2023) and mainly comprised coordinates, merchant names, classifications, and per capita consumption. To ensure the accuracy of the data, we conducted field research to clean and modify erroneous and incomplete data.





3. Methods


To determine the correlation characteristics between the three-dimensional pedestrian network and catering formats, we conducted field surveys to obtain and map the three-dimensional pedestrian network model of Xinjiekou in Nanjing and constructed a research framework to explore the correlation between the three-dimensional pedestrian network and catering formats (Figure 2). This framework mainly consists of three parts. First, we constructed a three-dimensional pedestrian network model for the central area of Xinjiekou, obtaining characteristic information about the three-dimensional pedestrian network by analyzing network closeness and betweenness. Next, we proposed an analysis method for the spatial distribution characteristics of catering formats in three-dimensional spaces to examine the distribution of catering formats in such spaces. Finally, we built a graph convolutional neural network model to analyze the correlation between variables of the three-dimensional pedestrian network and the characteristics of catering formats, investigating the correlation characteristics between the three-dimensional pedestrian network and catering formats in the central area of Xinjiekou.



3.1. Construction of a Three-Dimensional Walking Network Model


The multi-level pedestrian system in the Xinjiekou area of Nanjing connects the rapid transit of the underground layer, the conventional traffic of the ground layer, and the internal paths of various shopping malls, forming a complex multi-level system. Therefore, to scientifically simulate and analyze pedestrian activities, we utilized the three-dimensional pedestrian network to connect various built environments.



First, we constructed the network in AutoCAD using the standard centerline method. Based on Baidu Maps19.3.0 (www.baidu.com, accessed on 15 October 2023) and combined with field surveys, we mapped the underground passages connected to the subway stations and the public pedestrian paths within shopping malls, including vertical transition spaces such as stairs, elevators, and escalators. These were merged with the outdoor pedestrian network to form a three-dimensional spatial model, resulting in a complex network system that includes two underground levels and eight above-ground levels (Figure 3).



Next, we preprocessed the data on the ArcScene10.2 platform through processes such as spatial projection transformation. We obtained the required road network segments by splitting intersections and checking all intersections.



Finally, to correct errors in the spatial network, we ran the Prepare Network tool4.1.0 in the sDNA toolbox and obtained the spatial database of the three-dimensional pedestrian network.




3.2. Spatial Design Network Analysis


Spatial Design Network Analysis (sDNA) is an extended spatial syntax model developed by Cardiff University in the UK (http://www.cardiff.ac.uk/sdna, accessed on 1 February 2024) used to measure the multiscale spatial topology patterns of urban street networks [30]. It treats network links as primary spatial analysis units, rather than as nodes [31]. Compared with the traditional spatial syntax, it can treat a large number of curved links of individual straight segments as a single unit, greatly improving the computational speed of road networks. More importantly, sDNA can be equivalently calculated on the X-, Y-, and Z-axes for changes in distance, angle, or direction using the ArcGIS10.2 platform [32]. Therefore, sDNA tools can be used to analyze the potential vitality distribution of three-dimensional networks. Drawing on Dhanani and Vaughan (2016) and Kang (2017), we chose closeness and betweenness to analyze the topological characteristics of the three-dimensional walking network in the study area [33,34].



3.2.1. Closeness


Closeness represents the degree of clustering of the pedestrian networks within a study area. This indicator reflects the connectivity and accessibility between a local space and all the other spaces in the network. High closeness indicates that a location has high accessibility and centrality. The solution adopted by sDNA is to measure the average travel distance from a node to other spatial nodes, known as Mean Euclidean Distance (MED). MED is defined by Equation (1),


  M E D x =      ∑   y ∈  R x     d E    x , y   P  y      ∑   y ∈  R x    P  y      



(1)




where MED(x) is the closeness of node x in the system,    R x    is the set of all links reached by link x over a certain distance; P(y) is the weight of point y within the search radius; and    d E    x , y     is the shortest path distance from point x to point y.




3.2.2. Betweenness


Betweenness represents the number of times a road network is traversed by the shortest path between any two connected segments within a specific search radius, reflecting the potential of the street as a crossing motion channel [35]. The higher the intermediary degree, the stronger the traffic capacity of the road network [36]. This study focuses on the traffic potential of spatial networks; therefore, betweenness (BtA) was used as an indicator to measure the mediating degree. BtA is defined by Equation (2),


  B t A  x  =   ∑   y ∈ N     ∑   z ∈ R y   O D   y ,   z ,   x   P  z   



(2)




where BtA(x) represents the betweenness of node x, Ry is the set of nodes within the search radius R of node y, P(z) is the weight of node z within the search radius, and N is the collection of polylines in the global spatial system. OD(y, x, z) represents the shortest topological path between nodes y and z passing through node x in the search radius R, as defined by Equation (3),


  O D   y , z , x   =       1 ,   i f   x   i s   o n   t h e   s h o r t e s t   p a t h   f r o m   y   t o   z         1 2   ,   i f   x = y   ≠ z         1 2   , i f   x = z   ≠ y         1 3   , i f   x = y = z       0 ,   o t h e r w i s e        



(3)









3.3. Analysis of Three-Dimensional Spatial Distribution Characteristics of Catering Formats


Current studies on the spatial distribution of the catering formats primarily employ methods such as kernel density analysis, standard deviational ellipse, and average nearest neighbor analysis to explore the distribution characteristics and aggregation patterns of the catering formats, while considering relationships with factors like population, economy, and transportation. However, these methods have not yet detailed the distribution of the catering formats in three-dimensional space. Therefore, we analyzed the three-dimensional spatial distribution characteristics of catering formats from the perspective of catering formats and their per capita consumption. We analyzed the degree of aggregation of catering formats in the three-dimensional space and the trend of changes in per capita consumption levels to provide a reference for optimizing the layout structure and store location of future catering formats.



The first step involved generating neighboring points so that catering format point data could be integrated into the nearest walking network. This study used point-to-line closeness analysis to generate neighboring points and extracted the road point closest to the catering format point by searching for elements in neighboring objects.



The second step was to connect the spaces to achieve matching between the attributes of the catering format point elements and walking network line elements. By calculating the spatial distribution relationships between the elements, it is possible to count the number of online catering formats in each segment of the walking path.



The third step was the field calculation, which involved calculating the distribution of catering formats per unit length based on spatial connections and converting the calculation results into linear data for analysis. The calculation results were divided into five categories based on geometric intervals, and the distribution of catering formats in three-dimensional space was visualized using ArcScene10.2 (Figure 4).




3.4. Construction of the Graph Convolutional Neural Network Model


Machine learning techniques have been widely applied in urban analysis, particularly in handling three-dimensional spatial structures and complex networks, where they demonstrate significant advantages. For example, Ye et al. (2019) proposed a method for assessing street visual quality based on machine learning algorithms and street view images, successfully overcoming the limitations of traditional subjective evaluations by quantifying the perceived visual quality of streets [37]. Biljecki and Ito (2021) conducted a systematic review of the application of deep learning techniques in urban analysis, showcasing how the combination of street view images and other urban data enhances analytical precision and efficiency [38]. Wang and Biljecki (2022) reviewed the use of unsupervised machine learning in urban studies, elucidating the potential of machine learning to explore complex spatial patterns in cities [39].



In this study, building on the aforementioned research, we use Graph Convolutional Networks (GCNs) to analyze the spatial relationship between three-dimensional pedestrian networks and the catering formats’ layout. GCNs are an extension of traditional Convolutional Neural Networks (CNNs) specifically designed to handle irregular graph-structured data by performing convolution operations on graph nodes and their connections to extract features [40]. Compared to other neural networks, the advantage of GCNs lies in their ability to effectively process irregular and complex graph-structured data by aggregating information from neighboring nodes to capture local topological properties. Moreover, GCNs offer high parameter sharing and computational efficiency, dynamically adapting to different graph structures, making them particularly suitable for tasks that capture spatial relationships and multidimensional features [41]. Therefore, we selected GCNs to handle complex spatial relationships and multidimensional data, capturing the topological characteristics of pedestrian networks and their influence on the distribution of the catering formats.



3.4.1. Model Architecture Design


The architecture of the Graph Convolutional Neural Network (GCN) model in this study consists of an input layer, multiple convolutional layers, activation functions, and an output layer (Figure 5). The input data include the node feature matrix xxx and the edge indices of the graph. Each node is characterized by two values: MED800 and BtA800. MED800 represents closeness centrality, which measures the proximity of a node to other nodes within the network, while BtA800 represents betweenness centrality, reflecting the role of a node as a bridge in the shortest paths between other nodes in the network. These features are used to predict the number of catering formats and the per capita consumption, which serve as the output labels of the model.



The node features x are constructed by calculating the closeness centrality (MED800) and betweenness centrality (BtA800) for each node. These two metrics collectively reflect each node’s topological position within the three-dimensional walking network and its relative importance in the network. The edge weights are defined based on the spatial adjacency relationship of these features, reflecting the spatial connectivity between nodes and the intensity of their interactions within the network. The model aggregates information from nodes and their neighbors through multiple convolutional layers, gradually extracting spatial features related to the distribution of catering formats. Each convolution operation propagates features among neighboring nodes, progressively enhancing the expression of local topological information. Finally, the output layer generates feature representations for each node, which are used to predict the number of catering formats and the per capita consumption related to the node’s location.



The convolutional layers first map the node features from 2 dimensions to 32 dimensions for the graph convolution operation. The formula for the first convolutional layer is:


   H   1    = R e L U    A ^  X  W   0       



(4)




where   A ^   is the normalized graph Laplacian matrix, and W(0) is the weight matrix of the first layer.



Next, the second convolutional layer maps the 32-dimensional features to 64 dimensions:


   H   2    = R e L U    A ^   H   1     W   1       



(5)







In the third layer, the 64-dimensional features remain unchanged:


   H   3    = R e L U    A ^   H   2     W   2       



(6)







Then, the fourth layer reduces the 64-dimensional features to 32 dimensions:


   H   4    = R e L U    A ^   H   3     W   3       



(7)







Finally, in the fifth layer, the 32-dimensional features are mapped to 1 dimension as the output:


   H   5    =  A ^   H   4     W   4     



(8)







After each convolutional layer, the ReLU activation function is used to introduce non-linearity. Following the last convolutional layer, a Dropout layer is used to prevent overfitting:


   H  d r o p o u t    5    = D r o p o u t    H   5       



(9)







The model’s output is the processed node features, which provide important information about the relationship between the pedestrian network and catering formats. These features are used for subsequent predictions of the number of catering formats and per capita consumption.




3.4.2. Graph Convolution Operation and Activation Function


In each layer of the Graph Convolutional Network (GCN), the adjacency relationships defined by the edge index are used to aggregate the features of each node with those of its neighboring nodes, thereby facilitating information transfer. This characteristic enables each node to learn more information from its neighbors, enhancing the richness of feature representation (Thomas N). After feature aggregation, the model introduces non-linear transformations through the activation function (ReLU), allowing the model to learn more complex feature representations. The non-linear transformation formula is defined as Equation (10):


   H    l + 1     = R e L U    A ^   H   l     W   l       



(10)




where    H   l      represents the feature matrix of the l-th layer,   A ^   is the normalized graph Laplacian matrix, and W(l) is the weight matrix of the l-th layer.



By performing feature transformation layer by layer, the network ultimately reduces the node features to the target dimensionality, outputting the final node representations. This dimensionality reduction process ensures the simplicity and effective expression of features, enabling the model to better adapt to subsequent prediction tasks.




3.4.3. Model Training and Feature Extraction


The training of the Graph Convolutional Network (GCN) is achieved by minimizing the Mean Squared Error (MSE) loss function. The model continuously adjusts its parameters to better predict the target features (number of catering formats and per capita consumption). During each training iteration, the model optimizes its parameters using the backpropagation algorithm to minimize the error between the predicted and actual values. Specifically, the loss function is defined as:


  L =   1 n     ∑   i = 1  N       y i  −    y i   ^     2   



(11)




where yi is the actual value of the i-th sample,      y i   ^    is the predicted value from the model, and N is the total number of samples. By minimizing this loss function, the model continually adjusts the parameters W and b to improve prediction accuracy.



In model training, we used the following hyperparameter settings (Table 1) to ensure effective training and prevent overfitting. These settings guarantee that the model converges stably during the training process and avoids overfitting when extracting node features. Ultimately, the model extracted the features of each node, which incorporate information from both the node and its neighborhood, serving as an important foundation for subsequent correlation analysis.




3.4.4. Correlation Analysis


After the model has been trained and the features have been extracted, we analyze the relationship between the node features and the target features (number of catering formats and per capita consumption) by calculating the Pearson correlation coefficient. The formula for the Pearson correlation coefficient is:


  r =      ∑   i = 1  n     x i  −  x ¯       y i  −  y ¯          ∑   i = 1  n    (  x i  −  x ¯  )  2    ∑  i n  (  y i  −     y )  ¯   2        



(12)




where    x i    and    y i    are the feature value and target value of the i-th node, respectively, and    x ¯    and    y ¯    are the mean values of the node features and target features, respectively. This metric quantifies the extent to which the node features influence the target features, thereby revealing the potential correlations between the characteristics of the pedestrian network and the catering formats.






4. Results


4.1. Spatial Distribution Characteristics of Three-Dimensional Walking Networks


When people walk in a three-dimensional walking network, they may have different perceptions of the street network configuration. We set the neighborhood radius for walking to 800 m (approximately a ten-minute walking distance). To study the impact of three-dimensional walking networks on the distribution of catering formats, we obtained two indicators from the sDNA software4.1.0 to measure the centrality of the network space [42], namely, closeness and betweenness. Figure 6 shows the spatial distributions of these two indicators.



The closeness of the central area of Nanjing Xinjiekou showed a clear trend of central aggregation. The high-closeness areas were mainly distributed in the Xinbai Shopping Mall and Dongfang Fulade (Figure 6a,b). The average distance between the nodes in these areas was the smallest and the nodes in the transportation network were the easiest to reach. The overall structure of the three-dimensional pedestrian network was dominated by the ground space (Figure 6c), characterized by high closeness. The high-closeness spaces of indoor pedestrian networks mainly included vertical traffic and its connecting spaces with each floor. This indicates that the spatial system of commercial complexes was relatively complete and could promote the three-dimensional development of commercial spaces effectively through a certain number of vertical transportation facilities, such as elevators, escalators, and stairs.



Betweenness centrality refers to the possibility of an intermediary site attracting traffic. The vitality center of the research area was concentrated in the southern part of Xinjiekou, including the Xinbai Shopping Mall, Central Shopping Mall, and Dongfang Fulade (Figure 6d,e). The pedestrian network of these shopping malls relies on the T-shaped space of the Xinjiekou subway station, which improves connectivity and facilitates pedestrian activity. This means that the pedestrian network within the Nanjing Xinjiekou subway station plays an important role in connecting indoor and outdoor areas, as well as the shortest path inside the shopping mall. At the same time, in the three-dimensional space of the building (Figure 6f), high-betweenness spaces are distributed on each floor and located in the center of the building, with the distribution of betweenness centrality showing an inward trend. This indicates that these pedestrian networks are the main channels within the commercial complex and are responsible for most of the traffic flow in the central area of Xinjiekou.




4.2. Spatial Distribution Characteristicsof Catering Formats


In order to have a more intuitive understanding of the spatial distribution characteristics of the catering formats, we constructed a three-dimensional spatial distribution analysis method for catering formats. We transformed 465 catering formats point-of-interest (POI) data into line data and analyzed the layout characteristics of catering format types and per capita consumption in the central area of Xinjiekou from two-dimensional and three-dimensional perspectives. This information reflected the spatial distribution of the catering formats and the trend of changes in per capita consumption spatial distribution, demonstrating the spatial characteristics of the catering formats with high concentration and per capita consumption in areas with dense distribution of formats (Figure 7).



4.2.1. Overall Distribution Characteristics of Catering Formats


From a two-dimensional perspective, the distribution of catering formats in the central area of Xinjiekou has a certain degree of spatial continuity. Figure 7a shows that the catering formats are highly distributed within the various shopping malls and subway station areas, including the Xinbai, Dongfang, and Central shopping malls. At the same time, catering formats tend to be distributed on both sides of roads directly connected to various shopping malls, forming a whole indoor business space.



From a three-dimensional perspective, the spatial distribution of catering formats shows significant differences at different levels. Figure 7b,c show that the overall spatial distribution of the catering formats is relatively scattered, with different levels of format aggregation. The underground and ground-level areas in the central area of Xinjiekou are densely distributed, with the largest number of catering formats at the basement level, consisting mainly of snack, pastry, and cold drink shops. This is because the establishment of subway station areas has brought a large number of people to the area, and catering formats are concentrated in this area to bring convenience to travelers while meeting their basic consumption needs. However, the number of catering formats in the middle and top areas of the commercial complexes is relatively small. Because the space is mainly composed of Chinese restaurants, hot pot restaurants, and various foreign restaurants, the superior environment makes the average area of its stores larger and more dispersed.




4.2.2. Distribution Characteristics of Catering Formats Based on Per Capita Consumption


From a two-dimensional perspective, there are significant differences in the per capita consumption and distribution characteristics of the catering formats. The high per capita consumption is mainly concentrated in the central part of Xinjiekou (Figure 7d), with Deji Plaza, Xinbai Shopping Mall, and Dongfang Fulade Commercial Complex as the main indoor areas, along with the Jinling Hotel area in the northwest outdoor area. This means that the proportion of mid- to high-end catering formats in these four categories is relatively high. Because of its core location in the central area of Xinjiekou, it is connected by subway walking routes to promote consumption, thus forming a high-value area for per capita consumption in catering formats. In addition, the per capita consumption of the catering formats in other areas of Xinjiekou is mainly concentrated around various commercial complexes, with a low and sparse distribution.



From a three-dimensional perspective, the per capita consumption level of the catering formats is unevenly distributed Figure 7e,f. The negative segment has the largest number of catering formats, mainly consisting of mid- to low-end restaurants, such as snack shops and beverage shops. However, the service coverage of this type of business is small, the population’s frequency of dining is high, and the per capita consumption level is low. As the floors rise, the types of catering formats gradually shift toward mid- to high-end restaurants, such as Chinese restaurants and various foreign restaurants. Due to the targeting of mid- to high-end consumer groups and high demand thresholds, they belong to a niche group of consumers. Therefore, in this regard, the catering formats have a wide range of service coverage and high per capita consumption levels.





4.3. Correlation between the Three-Dimensional Walking Network and Catering Formats


By constructing a Graph Convolutional Neural Network (GCN), the model is able to aggregate the features of closeness centrality (MED) and betweenness centrality (BtA) within the walking network through multi-layer convolution operations, thereby revealing the different impacts of these two metrics on the distribution of catering formats (Figure 8). Nodes with higher closeness centrality represent areas that are more easily accessible, as they are closer to other nodes in the network, indicating stronger walkability and better transportation access. The model results show that catering formats tend to be densely located in these high-closeness areas, where not only is the number of catering formats, but the per capita consumption levels are also elevated. On the other hand, nodes with high-betweenness centrality, while playing an important role in network connectivity, do not show a significant correlation with the clustering of catering formats or high consumption levels. The GCN captures the functional characteristics of these nodes, which act more as transitional or connecting points, reflecting the reality that catering formats are less frequently located in these transportation hubs or noisy areas.



The output results of the Graph Convolutional Neural Network (GCN) further show that certain feature dimensions are enhanced in the convolutional layers, while others are weakened. This occurs primarily because the GCN, during the process of layer-by-layer feature aggregation, strengthens certain features that are significantly related to the distribution of catering formats—such as closeness centrality (MED)—through the propagation of information from neighboring nodes. The level of closeness centrality in the walking network reflects a node’s centrality and connectivity with other nodes. Through multiple layers of convolution, the model captures the critical role of this characteristic within the network structure, thereby enhancing the feature dimensions related to walkability. On the other hand, while betweenness centrality (BtA) serves as a bridge in the overall connectivity of the walking network, its correlation with the distribution of catering formats is weaker. As a result, the model downweights this feature accordingly. This demonstrates the ability of the GCN to adaptively adjust feature weights, allowing the model’s output to more accurately reflect the actual spatial relationships. The results theoretically explain how local topological characteristics of the walking network, such as closeness centrality, influence commercial clustering, while betweenness centrality primarily affects node connectivity but has a limited impact on the development of catering formats.



Further analysis of the scatter plot in Figure 8 reveals that closeness centrality and betweenness centrality have different effects on the number of catering formats and per capita consumption levels. First, from the perspective of closeness, there is a positive correlation between pedestrian network closeness and both the number of catering formats and per capita consumption levels. Nodes with high closeness are typically closer to other nodes, indicating that these areas have convenient transportation and strong walkability. This convenience attracts more catering formats and high-spending customers. Such favorable walking conditions help increase consumer visit frequency and willingness to spend, thereby promoting the prosperity of the catering formats. Consequently, areas with high closeness often have a rich variety of catering formats and higher per capita consumption levels. Specifically, high-closeness areas in the Xinjiekou central district, such as the Xinbai Shopping Mall and the Deji Plaza, concentrate a large number of catering formats and high-spending customers, consistent with the characteristics of high closeness and convenience.



On the contrary, there is a negative correlation between pedestrian network betweenness centrality and both the number of catering formats and per capita consumption levels, with a low correlation coefficient. This indicates that betweenness centrality has almost no significant correlation with the number of catering formats and per capita consumption. Nodes with high-betweenness centrality typically handle more traffic flow and connection functions. These areas may be less favorable for the concentration of catering formats and high consumption levels due to factors such as high traffic flow and noisy environments. Therefore, in areas with high-betweenness centrality, the number of catering formats and per capita consumption levels are relatively low. However, given the correlation coefficient is close to zero, it can be considered that betweenness centrality does not significantly impact catering formats and consumption levels.



Further analysis of the impact of closeness and betweenness centrality on catering formats in three-dimensional space reveals the complex relationship between the three-dimensional pedestrian network and catering formats across different levels and vertical dimensions. High-closeness areas on underground and ground levels attract a large concentration of catering formats and high-spending customers due to convenient transportation and strong walkability. These areas include not only major commercial complexes in Xinjiekou, such as the Xinbai Shopping Mall and the Deji Plaza, but also extend to the underground passages connecting metro stations and other major transportation hubs, showing significant catering formats agglomeration effects and higher per capita consumption levels.



In the middle and top levels of commercial complexes, the impact of pedestrian network closeness and betweenness centrality on catering formats differs. High-closeness areas in these levels mainly include vertical transportation nodes within commercial complexes, such as elevators, escalators, and stairs. These areas attract a certain number of catering formats due to their strong connectivity and high walkability. However, the spatial utilization in the middle and top levels mainly focuses on high-end and specialty dining, resulting in the relatively dispersed distribution of catering formats and higher per capita consumption levels. Although betweenness centrality is important in these vertical transportation nodes, factors like noisy environments and lack of stopping space limit the development of the catering formats.



In summary, the dense distribution of catering formats in high-closeness areas indicates that areas with strong walkability are more likely to attract the concentration of catering formats. Additionally, the higher per capita consumption levels in these areas suggest that convenient walking conditions can enhance consumer spending willingness. Meanwhile, the weaker impact of betweenness centrality on catering formats suggests that while high-betweenness nodes are crucial for connectivity, they do not necessarily favor the development of the catering formats.





5. Discussion


This study focuses on the central area of Xinjiekou in Nanjing, where a three-dimensional pedestrian network model was constructed through field research. Using spatial design network analysis tools, the study conducted an in-depth analysis of the betweenness and closeness centrality of the three-dimensional pedestrian network. Based on this, the study proposes an innovative method for analyzing the distribution of service industries in three-dimensional spaces. By constructing a Graph Convolutional Network (GCN), this study quantitatively analyzes the relationship between the three-dimensional pedestrian network and the catering formats in the central area of Xinjiekou.



The main contributions of this study are as follows:




	(1)

	
Proposal of a New Methodology for Analyzing the Relationship Between Three-Dimensional Pedestrian Networks and Service Industry Layouts. Traditional research has largely focused on two-dimensional spaces, often using methods like kernel density analysis, standard deviation ellipses, and nearest neighbor analysis to reveal distribution characteristics and clustering patterns of businesses. However, these methods fall short of fully capturing the deeper relationship between walking networks and business layouts in complex 3D urban spaces. This study innovatively combines 3D walking network models with Graph Convolutional Neural Networks (GCNs), overcoming the limitations of two-dimensional analysis. The introduction of GCNs is based on their superior performance in handling complex graph-structured data. The 3D walking network exhibits intricate topological structures, and GCNs can capture both the spatial connections between nodes and their attributes (such as closeness and betweenness centrality), effectively integrating this information to reveal the multi-level impact of walking networks on business distribution. Compared to traditional statistical analysis methods, GCNs can deeply explore the underlying structural features in 3D spaces and analyze the complex relationship between catering formats and walking networks across multiple dimensions. This method enables a more precise description of the spatial distribution characteristics of catering formats in 3D urban spaces, expanding the research perspective on the multidimensional relationships within complex urban systems. Moreover, it has broad applicability, providing new insights for studies on 3D walking networks and service layouts in other cities.




	(2)

	
Revelation of the Significant Impact of Three-Dimensional Pedestrian Network Design on Service Industry Layouts Using the Catering Format as a Case Study. The study found that areas with high-closeness centrality are concentrated in underground and lower-level outdoor spaces near subway stations and main entrances. The convenience of transportation in these areas has led to the high concentration of catering formats and the formation of high consumption levels. In contrast, the mid-level and upper-level indoor spaces of commercial complexes, due to the effective configuration of vertical transportation facilities, attract more upscale catering establishments. Meanwhile, areas with high-betweenness centrality, due to higher vertical and horizontal traffic flow, limit the clustering of the catering formats, resulting in more complex commercial vitality distribution. Therefore, planners should prioritize the layout of closeness centrality in designing three-dimensional pedestrian networks to promote the rational clustering and efficient operation of service industries. Additionally, understanding the impact of betweenness centrality on traffic flow is crucial to balancing traffic flow and commercial layout, thereby achieving sustainable urban development by improving land-use efficiency and urban vitality.









Furthermore, the study identifies three key findings regarding the relationship between three-dimensional pedestrian networks and catering formats. First, closeness centrality remains an important factor influencing service industry layouts in three-dimensional urban spaces. Lower-level and underground spaces in Xinjiekou, due to their convenience and high accessibility, attract a high concentration of catering establishments, consistent with closeness centrality theory, which suggests that areas with high-closeness centrality effectively promote commercial activity [43]. This study extends the theory by revealing that differences in closeness centrality in vertical spaces also significantly affect format distribution. Particularly in mid- and upper-level spaces, the layout of vertical transportation facilities enhances the closeness centrality of these areas, driving the development of upscale catering establishments on these floors. Second, the influence of betweenness centrality in three-dimensional pedestrian networks is more complex. Although areas with high-betweenness centrality handle large amounts of traffic flow and serve as connectors, these areas do not exhibit significant clustering of catering establishments. The study suggests that in highly three-dimensional commercial environments, high-betweenness centrality may lead to excessive traffic flow, reducing customer dwell time and suppressing commercial vitality. This aligns with the “space syntax” theory, indicating that areas with high-betweenness centrality do not always promote commercial clustering [44]. Finally, the study finds that the distribution of catering establishments across different floors reflects stratified consumption patterns. Lower-level and underground spaces are home to snack shops and bakeries catering to basic consumption needs, while mid- and upper-level spaces host upscale catering establishments. This demonstrates that the closeness and the betweenness centrality of the pedestrian network play a key role in format layout, with complex interactions between spatial usage across different floors and consumer demand [45].



This study does have some limitations. First, the analysis is confined to the three-dimensional pedestrian network within an 800 m walking radius, neglecting the complexity of pedestrian networks at other scales. Future research could extend the analysis to different scales, exploring how variations in walking radius impact closeness and betweenness centrality to more comprehensively reveal the characteristics of pedestrian networks at different spatial scales. Second, the study only uses the catering formats as a representative case, without considering the diversity of other service industries and their distribution characteristics in three-dimensional spaces. Service industries such as commercial services, cultural services, and entertainment services play different roles in urban space, and their spatial requirements and layout patterns may differ significantly. Future research should include more categories of service industries in the analysis, exploring their distribution patterns in complex three-dimensional spaces and their interactions with pedestrian networks. Third, while this study uses GCN to explore the relationship between three-dimensional pedestrian networks and catering formats, it does not delve into more dynamic predictive analysis. GCN, as a tool capable of handling complex graph-structured data, holds significant potential for prediction. Future studies could incorporate time series data to further construct dynamic predictive models, analyzing the evolutionary trends of the catering formats in three-dimensional spaces. Additionally, external factors such as economic environment, policy changes, and social behavior should be incorporated into the model to improve its predictive accuracy and broader applicability. These improvements would provide more forward-looking and practical theoretical support for urban planning and commercial decision-making, contributing to the sustainable development of future cities.




6. Conclusions


The effective utilization of three-dimensional urban space can increase land-use potential and value, thereby enhancing the development capacity of compact cities [46,47,48,49]. Therefore, we propose a research method to study the spatial distribution characteristics of service industries in three-dimensional spaces, using catering formats as an example, and fitting these with the three-dimensional pedestrian network. This method is applicable to the study of the distribution of various types of formats in three-dimensional spaces, providing additional content for related field research.



In the case study of Nanjing’s Xinjiekou central district, we analyzed the distribution patterns of the three-dimensional pedestrian network and the catering formats. We found a clear central clustering trend in the closeness centrality of the pedestrian network, primarily dominated by ground-level spaces, with vertical transportation nodes and their connecting spaces exhibiting high-closeness centrality. On the other hand, areas with high-betweenness centrality are usually located at the core of buildings. These areas, due to their heavy traffic flow, tend to limit the clustering of catering establishments. In two-dimensional space, catering formats show a certain continuity, with dense, lower-cost establishments concentrated in underground and ground-level areas, while mid- and upper-level spaces tend to host high-end dining options with higher consumption levels.



Further analysis using the Graph Convolutional Network (GCN) model shows that high-closeness centrality in the pedestrian network significantly promotes the clustering of the catering formats and the formation of higher consumption levels, while the impact of high-betweenness centrality areas is relatively weaker. The analytical method proposed in this study not only aids planners in identifying high-closeness centrality areas that are suitable for service industry clustering but also optimizes commercial layouts, enhances land-use efficiency, and supports the sustainable development of compact cities. Additionally, this method offers new insights into balancing traffic flow and commercial vitality, helping to prevent the weakening of commercial clustering due to excessive traffic flow. This approach is not only applicable to the study of catering formats but can also be extended to the spatial distribution analysis of other service industries. It provides broad empirical support for resource allocation and overall urban layout optimization in complex three-dimensional urban spaces, contributing to the sustainable development of urban environments.
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Figure 1. Map and aerial photograph of Xinjiekou. 
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Figure 2. Research framework. 
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Figure 3. Three-dimensional walking network model: (a) Overall pedestrian network construction; (b) Construction of pedestrian networks on different floors. 
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Figure 4. Analysis method for three-dimensional spatial distribution characteristics of catering formats. 
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Figure 5. Graph convolutional neural network model. 
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Figure 6. Distribution of pedestrian network at Xinjiekou (R = 800 m): (a) Closeness of two-dimensional pedestrian networks; (b) Closeness of three-dimensional pedestrian networks; (c) Closeness of pedestrian networks on different floors; (d) Betweenness of two-dimensional pedestrian networks; (e) Betweenness of three-dimensional pedestrian networks; (f) Betweenness of pedestrian networks on different floors. 






Figure 6. Distribution of pedestrian network at Xinjiekou (R = 800 m): (a) Closeness of two-dimensional pedestrian networks; (b) Closeness of three-dimensional pedestrian networks; (c) Closeness of pedestrian networks on different floors; (d) Betweenness of two-dimensional pedestrian networks; (e) Betweenness of three-dimensional pedestrian networks; (f) Betweenness of pedestrian networks on different floors.



[image: Land 13 01553 g006]







[image: Land 13 01553 g007] 





Figure 7. Distribution of catering formats in Xinjiekou: (a) Two-dimensional spatial distribution of catering formats; (b) Three-dimensional spatial distribution of catering formats; (c) Spatial distribution of catering formats on different floors; (d) Two-dimensional spatial distribution of per capita consumption in the catering formats; (e) Three-dimensional spatial distribution of per capita consumption in the catering formats; (f) Spatial distribution of per capita consumption in the catering formats on different floors. 
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Figure 8. Correlation between three-dimensional pedestrian network and catering formats. 
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Table 1. Hyperparameter settings.
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	Hyperparameter
	Value





	iterations
	200



	learning rate
	0.01



	optimizer
	Adam



	dropout rate
	5 × 10−4



	regularization
	yes
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