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Abstract: The Urban Growth Boundary (UGB) is essential for controlling urban sprawl and 

optimizing land use, yet traditional delineation methods struggle with modeling complex spatial 

relationships and fusing multi-source data. This study proposes an intelligent UGB delineation 

algorithm based on a Graph Neural Network (GNN). The study area is discretized into uniform 

spatial units to construct an urban graph, with node features integrating remote sensing imagery, 

land use types, transportation networks, and population-economic data. A spatially constrained 

graph convolution structure with an improved attention mechanism is designed to jointly model 

spatial structures and expansion driving factors, enhanced by multi-scale feature aggregation 

and spatial consistency constraints. Experimental validation in a 1,250 km² urban area (5,024 

nodes, approximately 3.8×10⁴ edges) demonstrates that the proposed model achieves 0.912 

accuracy and 0.900 F1-score in UGB recognition—3.4% and 3.8% higher than traditional 

GCN—with a 7.2% improvement in spatial consistency. The model remains stable across 250–

1000 m spatial scales, indicating strong generalization ability and spatial adaptability. This 

GNN-based UGB delineation method effectively captures urban spatial structure characteristics 

and expansion patterns, providing a high-precision, data-driven technical pathway for territorial 

spatial planning and sustainable urban growth management. 
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1. INTRODUCTION 

With the continuous advancement of global urbanization and the acceleration of urban 

spatial expansion, the contradiction between land resource utilization and ecological 

environment protection has become increasingly prominent. In this context, the UGB, as an 

important tool in territorial spatial planning systems, is widely used to control urban sprawl, 

optimize land use structures, and protect ecological space [1],[2],[3]. UGB guides urban growth 

toward intensive and sustainable development by delineating the scope of urban construction 

and development over a certain future period. However, in actual planning practice, the 
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delineation of urban development boundaries faces many challenges. On the one hand, urban 

spatial structure is highly complex. Urban expansion is influenced not only by land use 

conditions, but also by factors such as traffic accessibility, population distribution, economic 

development, and the natural environment [4],[5],[6]. On the other hand, urban expansion 

exhibits clear spatial correlation and dynamic evolution, with significant interactions between 

different regions. This makes UGB delineation a complex spatial decision-making problem. 

Therefore, how to achieve a scientific, reasonable and highly automated delineation of urban 

development boundary based on the comprehensive consideration of a variety of spatial factors 

has become an important issue in the current territorial spatial planning. 

Traditional methods for delineating urban development boundaries mainly rely on 

planning expert experience, spatial statistical analysis, and rule-driven models. For example, 

land suitability evaluation, the Analytic Hierarchy Process (AHP), multi-index comprehensive 

evaluation, and cellular automata (CA) models are used to predict urban expansion trends and 

delineate development boundaries accordingly [7]. While such methods have played an 

important role in early urban planning research, they still have notable limitations in dealing 

with complex spatial relationships. Firstly, traditional methods are often based on linear or semi 

empirical models, which are difficult to effectively describe the nonlinear relationships in urban 

spatial systems. Secondly, many methods rely on manual setting of rules or parameters, which 

results in strong subjectivity and is difficult to adapt to different urban development scenarios 

[8],[9]. In addition, in the large-scale spatial data environment, the traditional methods also 

have shortcomings in the automatic analysis ability and calculation efficiency, and it is difficult 

to make full use of the current remote sensing data, geographic information data, socio-

economic data and other multi-source information. Therefore, it is of great significance to 

explore new methods that can effectively integrate multi-source spatial data and automatically 

learn complex spatial structure relationships for improving the scientific and intelligent level of 

UGB delineation. 

In recent years, the advancement of deep learning has enabled Graph Neural Networks 

(GNNs) to show significant advantages in modeling data with complex structures. Unlike 

traditional neural networks, which mainly deal with regular grid data, graph neural networks 

can directly deal with graph data with topological structure, and learn complex relational 

structure through the information transmission mechanism between nodes [10],[11]. In an urban 

spatial system, there are significant adjacency and spatial dependencies between different 

spatial units, which can be naturally represented as a graph structure. For example, urban 

parcels, spatial grids or planning units can be regarded as nodes in the graph, while adjacency 

or traffic links can be represented as edges. Through graph neural networks, we can achieve 

joint learning from multi-source data while preserving the spatial topology, thereby more 

accurately capturing the patterns of urban spatial development. In addition, graph neural 

network can gradually capture the larger scale spatial dependence through multi-layer 

information transmission, which makes it have broad application prospects in the fields of urban 

expansion prediction, land use change analysis and spatial planning decision support. Therefore, 

applying graph neural networks to delineate urban development boundaries provides a new 

technical pathway for achieving intelligent UGB recognition. 

Against this background, this study proposes an intelligent algorithm for delineating urban 

development boundaries based on graph neural networks. Firstly, the research area is divided 

into uniform scale spatial units, and the urban spatial map structure is constructed. The spatial 

units are represented as nodes, and the spatial adjacency relationship is represented as edges, 

so as to form the urban spatial map data. On this basis, multi-dimensional node feature 

representation is constructed by fusing remote sensing images, land use data, traffic network 

data, population and economic statistics and other multi-source information. Then, a graph 

neural network model for UGB recognition task is designed, which learns the characteristics of 

urban spatial structure through the mechanisms of spatial feature coding, graph volume 

information dissemination and multi-scale feature aggregation, and the spatial constraint 

mechanism and the embedding of urban expansion driving factors are introduced into the model 
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to improve the expression ability of the model to the laws of urban development [12],[13]. 

Finally, the continuous urban development boundary is generated through the node 

classification results to achieve automatic UGB delineation. The framework can automatically 

learn the urban expansion mode in the complex spatial data environment, and provide a data-

driven intelligent solution for the delineation of urban development boundaries [14]. 

The main contributions of this study are as follows. Firstly, starting from the structural 

characteristics of urban spatial system, an urban spatial representation model based on graph 

structure is constructed, enabling multi-source geospatial data to be fused and analyzed within 

a unified framework. Secondly, aiming at the task of identifying the boundary of urban 

development, an improved graph neural network algorithm is proposed. By introducing the 

spatial constraint mechanism and embedding the driving factors of urban expansion, the 

expression ability of the model on the relationship between urban development dynamics and 

spatial structure is effectively improved. Thirdly, by designing adaptive neighborhood weight 

and improving graph attention mechanism, the model can more accurately identify key spatial 

units, so as to improve the accuracy of UGB prediction. Finally, the effectiveness and stability 

of the proposed method in UGB delineation task are verified by system experiments, and the 

results show that the method is superior to the traditional model in accuracy and spatial 

consistency. The research results provide a new technical idea for intelligent decision-making 

in urban spatial planning, and also provide a useful exploration for the application of graph 

neural network in the field of geospatial analysis. 

2. URBAN SPATIAL MAP STRUCTURE MODELING AND MULTI-

SOURCE DATA EXPRESSION 

To effectively describe the complex spatial interactions between urban spatial units, this 

study abstracts the study area as an attributed graph 𝐺 = (𝑉, 𝐸, 𝑋) , where 𝑉 =
{𝑣1, 𝑣2, … , 𝑣𝑛} represents the set of urban spatial unit nodes, 𝐸 ⊆ 𝑉 × 𝑉 represents the set of 

spatial relationship edges, and 𝑋 ∈ ℝ𝑛×𝑑 is the node feature matrix (𝑛 = number of spatial 

units, 𝑑 = feature dimension). Each node 𝑣𝑖 corresponds to a fundamental urban spatial unit 

(such as regular grid, plot, or planning unit), and its attributes are derived from multi-source 

geographic data [15]. By discretizing the study area into uniform spatial units, the continuous 

space problem is transformed into a discrete graph structure learning problem, providing 

structured input for feature propagation and boundary recognition in subsequent graph neural 

networks. 

For node feature representation, it is necessary to comprehensively describe the land use 

attributes, development intensity and socio-economic characteristics of urban spatial units. For 

node 𝑣𝑖, its eigenvector is defined as: 

𝑥𝑖 = [𝑓𝑖
𝑟𝑠, 𝑓𝑖

𝑙𝑢, 𝑓𝑖
𝑡𝑟 , 𝑓𝑖

𝑝𝑜𝑝
, 𝑓𝑖

𝑒𝑐𝑜] (1) 

Where 𝑓𝑖
𝑟𝑠 represents the surface features extracted from remote sensing images, such as 

building density, vegetation index, or impervious surface ratio; 𝑓𝑖
𝑙𝑢  represents the coding 

characteristics of land use types; 𝑓𝑖
𝑡𝑟 represents traffic accessibility indicators, such as road 

density or distance to major traffic nodes; 𝑓𝑖
𝑝𝑜𝑝

 represents the characteristics of population 

density; 𝑓𝑖
𝑒𝑐𝑜 is the indicator of economic development intensity. Through the above multi-

dimensional feature vectors, the comprehensive attribute representation of urban spatial units 

can be constructed [16]. To eliminate the influence of different data scales on model training, 

each type of feature is normalized, and its standardized form is: 

𝑥̃𝑖𝑗 =
𝑥𝑖𝑗 − 𝜇𝑗

𝜎𝑗

(2) 

Where 𝑥𝑖𝑗  is the original value of node 𝑖  on the 𝑗 th feature dimension, 𝜇𝑗  and 𝜎𝑗 
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represent the mean and standard deviation of the feature of this dimension in all nodes 

respectively. The standardization process can improve the training stability of the model under 

multi-source data input. 

Urban spatial system has obvious neighborhood dependence characteristics, so it is 

necessary to model spatial adjacency relationship through topological structure. In this study, 

we use the adjacency matrix 𝐴 ∈ ℝ𝑛×𝑛 to represent the graph structure, where each element 

𝐴𝑖𝑗 characterizes the correlation strength between the spatial elements 𝑣𝑖 and 𝑣𝑗. When two 

spatial units are spatially adjacent or meet a certain distance threshold, a connection relationship 

is established in the graph [17]. Its basic expression is: 

𝐴𝑖𝑗 = {
1, 𝑑𝑖𝑗 ≤ 𝛿

0, 𝑑𝑖𝑗 > 𝛿
(3) 

Where 𝑑𝑖𝑗  represents the spatial distance between node 𝑣𝑖  and 𝑣𝑗 , and 𝛿  is the 

neighborhood determination threshold. To further reflect the intensity of spatial interaction, this 

study introduces the weighted adjacency relationship based on distance attenuation, whose 

weight form is defined as: 

𝑤𝑖𝑗 = exp ( −
𝑑𝑖𝑗

2

2𝜎2) (4) 

Where 𝜎 is the spatial scale parameter, which is used to control the influence range of the 

neighborhood. Through this weight mechanism, the distance attenuation effect between urban 

spatial elements can be more truly reflected, so that the adjacent areas have higher correlation 

weight in the graph structure. 

In terms of multi-source data expression, urban spatial system involves remote sensing 

images, land use data, transportation network, population and economic statistics and other 

information sources. In order to realize the unified expression between different data sources, 

it is necessary to establish the fusion feature matrix. Let the characteristics of different data 

sources be expressed as 𝑋𝑟𝑠, 𝑋𝑙𝑢, 𝑋𝑡𝑟 , 𝑋𝑝𝑜𝑝, 𝑋𝑒𝑐𝑜  respectively, then the comprehensive 

characteristic matrix can be expressed as: 

𝑋 = [𝑋𝑟𝑠 ∥ 𝑋𝑙𝑢 ∥ 𝑋𝑡𝑟 ∥ 𝑋𝑝𝑜𝑝 ∥ 𝑋𝑒𝑐𝑜] (5) 

Where the symbol ∥  indicates the feature concatenation operation. The feature 

concatenation method can achieve a unified representation while maintaining the semantic 

information of the original data, so that the graph neural network can simultaneously use the 

multi-dimensional information such as natural environment, traffic structure and socio-

economic factors in the process of feature propagation. In order to further enhance the synergy 

between different data sources, feature projection can also be performed through linear mapping, 

which is expressed as: 

𝐻(0) = 𝑋𝑊𝑓 (6) 

Where 𝑊𝑓 is a learnable feature mapping matrix, and 𝐻(0) represents the initial node 

representation after fusion, which will be used as the input of the subsequent graph neural 

network. 

3. FRAMEWORK OF GRAPH NEURAL NETWORK MODEL FOR URBAN 

DEVELOPMENT BOUNDARY IDENTIFICATION 

To realize automatic urban development boundary recognition and spatial structure 

learning, this study constructs a graph neural network architecture for urban spatial graph data. 

The model takes the urban spatial graph 𝐺 = (𝑉, 𝐸, 𝑋)  as input, progressively extracts 
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structural relationships and developmental characteristics of spatial units through multi-layer 

graph feature learning, and finally outputs the urban development boundary prediction 

[18],[19],[20]. The overall model consists of a spatial feature encoding module, a graph 

convolution information propagation module, a multi-scale spatial feature aggregation module, 

and a boundary prediction output layer. Let the input node characteristic matrix be 𝑋 ∈ ℝ𝑛×𝑑, 

where 𝑛 is the number of urban spatial units and 𝑑 is the node characteristic dimension. The 

model gradually generates a high-dimensional representation 𝐻(𝑙)  through multi-layer 

nonlinear transformation, and finally obtains the boundary prediction result 𝑌 . The overall 

expression of the model can be shown as: 

𝑌 = 𝑓𝑜𝑢𝑡 (𝑓𝑎𝑔𝑔 (𝑓𝑔𝑐𝑛(𝑓𝑒𝑛𝑐(𝑋, 𝐴)))) (7) 

Where 𝑓𝑒𝑛𝑐(⋅)  represents the spatial feature encoding function, 𝑓𝑔𝑐𝑛(⋅)  represents the 

graph convolution propagation process, 𝑓𝑎𝑔𝑔(⋅) represents the multi-scale feature aggregation 

operation, 𝑓𝑜𝑢𝑡(⋅) represents the boundary prediction function, and 𝐴 is the adjacency matrix 

of the urban spatial graph. The overall architecture can achieve the deep expression of complex 

spatial patterns while preserving the spatial topology. 

In the stage of spatial feature coding, the original node features need to be embedded and 

mapped, so that the data from different sources can be expressed in the unified feature space. 

Therefore, the feature coding function is introduced to project the input feature matrix 𝑋 into 

a higher dimensional representation space, and its calculation form is: 

𝐻(0) = 𝜎(𝑋𝑊𝑒 + 𝑏𝑒) (8) 

Where 𝑊𝑒 ∈ ℝ𝑑×ℎ is the feature coding weight matrix, 𝑏𝑒 is the offset term, ℎ is the 

hidden feature dimension, and 𝜎(⋅) is the nonlinear activation function (such as the ReLU 

function). This encoding operation can effectively enhance the representational power across 

different data modalities, and make the original spatial attributes more discriminative in the 

subsequent graph structure learning process. The obtained 𝐻(0)  will be represented as the 

initial node of the graph neural network layer. 

In the graph structure learning process, information is propagated and updated between 

nodes through graph convolution operations. In order to characterize the influence of spatial 

neighborhood on node characteristics, the normalized adjacency matrix 𝐴̃  is introduced to 

realize neighborhood information aggregation [21],[22],[23]. Let 𝐴̃ = 𝐷−
1

2(𝐴 + 𝐼)𝐷−
1

2, where 

𝐼 is the identity matrix used to add the self connection relationship, 𝐷 is the degree matrix, 

and its diagonal elements are defined as 𝐷𝑖𝑖 = ∑ (
𝑗

𝐴𝑖𝑗 + 𝐼𝑖𝑗). In the convolution of the 𝑙st 

layer graph, the node feature update process can be expressed as: 

𝐻(𝑙+1) = 𝜎(𝐴̃𝐻(𝑙)𝑊(𝑙)) (9) 

Where 𝐻(𝑙)  is the node representation of layer 𝑙 , and 𝑊(𝑙)  is the learnable weight 

matrix of this layer. The formula shows that the representation of each node is obtained by the 

weighted combination of the features of its neighborhood nodes, and the feature is updated by 

linear transformation and nonlinear activation. Through the convolution operation of multi-

layer graph, the model can gradually capture a wider range of spatial dependencies, so as to 

effectively identify the urban expansion structure and its boundary characteristics. 

Because urban spatial structure exhibits different organizational characteristics at different 

scales, it is difficult to fully capture the urban development pattern using feature transmission 

at a single scale. Therefore, the model introduces the multi-scale spatial feature aggregation 

mechanism after the convolution of the map. Let the network contain the convolution structure 

of L-layer graph, then the node representations of different layers are 𝐻(1), 𝐻(2), … , 𝐻(𝐿) 

[24],[25]. In order to integrate spatial information of different scales, these representations are 
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weighted and combined, as follows: 

𝐻∗ = ∑ 𝛼𝑙

𝐿

𝑙=1

𝐻(𝑙) (10) 

Where 𝛼𝑙 is a learnable scale weight parameter, which is used to control the contribution 

of different layer features in the final representation. This multi-scale aggregation method can 

make use of the local neighborhood structure and the far spatial dependence at the same time, 

so as to improve the expression ability of the model to the complexity of urban spatial structure. 

After completing the spatial feature learning, it is necessary to map the node representation 

to the prediction results of the urban development boundary. Considering that the identification 

of urban development boundary can be regarded as a node classification problem in essence, 

the output layer of the model uses a linear classifier to predict. Let the final node be expressed 

as 𝐻∗ , then the probability that each node belongs to the urban development area can be 

expressed as: 

𝑃𝑖 = Softmax(𝐻𝑖
∗𝑊𝑜 + 𝑏𝑜) (11) 

Where 𝐻𝑖
∗ is the final eigenvector of node 𝑖, 𝑊𝑜 is the output layer weight matrix, 𝑏𝑜 

is the offset parameter, and softmax function is used to convert the output to probability 

distribution. According to the prediction probability, the node category label can be obtained, 

so as to identify the spatial units belonging to the development area or non-development area 

in urban space. Further combining with the spatial continuity rules, continuous urban 

development boundaries can be generated. 

4. IMPROVED GRAPH NEURAL NETWORK ALGORITHM FOR UGB 

DELINEATION 

In the UGB delineation task, although traditional graph neural networks can capture 

topological dependencies between spatial units, they still face challenges in adequately 

representing spatial constraints and characterizing the driving mechanisms of urban expansion. 

To enhance the model's ability to represent urban spatial structure and development dynamics, 

this study proposes an improved graph neural network algorithm for UGB delineation. By 

introducing a spatial constraint mechanism, embedding urban expansion driving factors, 

learning adaptive neighborhood weights, and improving the graph attention structure, the model 

achieves high-precision urban development boundary identification and prediction. 

Firstly, in order to enhance the ability of the model to describe the relationship between 

spatial planning constraints and geographical proximity, this study proposes a graph 

convolution calculation method for spatial constraint perception. In the process of urban 

development, the impact of different spatial units not only depends on the adjacency 

relationship, but also is affected by spatial constraints such as natural conditions, land policies 

and ecological protection red lines. Therefore, the spatial constraint weight matrix 𝑆  is 

introduced into the graph convolution calculation to characterize the constraint relationship 

between spatial elements [26],[27]. Let the original adjacency matrix be 𝐴  and the spatial 

constraint matrix be 𝑆, then the constraint enhanced adjacency matrix can be expressed as: 

𝐴𝑐 = 𝐴 ⊙ 𝑆 (12) 

Where the symbol ⊙  represents element by element multiplication. The matrix 𝑆𝑖𝑗 ∈

[0,1] represents the spatial constraint strength between node 𝑖 and node 𝑗. When some areas 

are restricted by ecological protection or development, the constraint weight is low, so as to 

reduce the impact of neighborhood propagation. On this basis, the convolution calculation 

process of spatial constraint graph can be expressed as: 
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𝐻(𝑙+1) = 𝜎 (𝐷̂−
1
2𝐴̂𝑐𝐷̂−

1
2𝐻(𝑙)𝑊(𝑙)) (13) 

Where 𝐴̂𝑐 = 𝐴𝑐 + 𝐼 represents the adjacency matrix after adding self connection, 𝐷̂ is 

the correspondence matrix, 𝐻(𝑙)  is the representation of the node characteristics of the 𝑙 st 

layer, and 𝑊(𝑙)  is the learnable parameter matrix. The convolution mechanism of spatial 

constraint graph can reflect the constraints of spatial planning in the process of feature 

propagation, so as to improve the spatial rationality of UGB recognition. 

Secondly, to enhance the model's ability to represent the dynamic mechanisms of urban 

expansion, this study introduces the embedding mechanism of urban expansion driving factors. 

Urban expansion is usually affected by traffic accessibility, economic development level, 

population density, land use structure and other factors, so these driving variables need to be 

integrated into the node feature representation [28],[29]. let the original node feature be ℎ𝑖 and 

the urban expansion driving factor vector be 𝑧𝑖 , then the node representation after driving 

embedding can be expressed as: 

ℎ̃𝑖 = ℎ𝑖 + 𝑊𝑑𝑧𝑖 (14) 

Where 𝑊𝑑  is the driving factor mapping matrix, which is used to project the driving 

variables into the same representation space as the node characteristics. Through this 

embedding method, the dynamic information of urban development can be introduced into the 

learning process of graph structure, so that the spatial structure and development potential can 

be considered simultaneously in the boundary identification of the model. 

In the process of neighborhood information dissemination, different neighborhood nodes 

have different influence on the target node. Therefore, this study proposes an adaptive 

neighborhood weight learning method to improve the propagation ability of spatial features by 

learning the dynamic weight relationship between nodes. Let the weight between node 𝑖 and 

neighborhood node 𝑗 be 𝑤𝑖𝑗, then the weight is calculated by node feature similarity, and its 

expression is: 

𝑤𝑖𝑗 =
exp (𝜙(ℎ𝑖, ℎ𝑗))

∑ exp (𝜙(
𝑘∈𝑁(𝑖)

ℎ𝑖 , ℎ𝑘))
(15) 

Where 𝑁(𝑖) represents the neighborhood set of node 𝑖, and 𝜙(⋅) represents the node 

feature similarity function. This study defines the function in the form of linear mapping: 

𝜙(ℎ𝑖, ℎ𝑗) = (𝑊ℎ𝑖)𝑇(𝑊ℎ𝑗) (16) 

Where 𝑊  is the characteristic transformation matrix. Through this normalized weight 

calculation method, the contribution degree of different neighborhood nodes in information 

dissemination can be dynamically adjusted according to their feature similarity, so as to more 

accurately reflect the correlation strength between urban spatial units. 

To further improve the model's capability in recognizing urban development boundaries, 

this study introduces the improved graph attention mechanism based on the adaptive weight 

mechanism. The mechanism highlights the influence of key spatial elements on boundary 

formation by learning the attention coefficient between nodes. Let the attention coefficient 

between node 𝑖 and neighborhood node 𝑗 be 𝛼𝑖𝑗, and its calculation form is: 

𝛼𝑖𝑗 =
exp (LeakyReLU(𝑎𝑇[𝑊ℎ𝑖 ∥ 𝑊ℎ𝑗]))

∑ exp (LeakyReLU(
𝑘∈𝑁(𝑖)

𝑎𝑇[𝑊ℎ𝑖 ∥ 𝑊ℎ𝑘]))
(17) 

Where 𝑎  is the attention vector that can be learned, ∥  is the vector concatenation 

operation, and leakyReLU is the activation function. Through this mechanism, the model can 
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automatically identify the neighborhood nodes that play an important role in the formation of 

the boundary, allowing the spatial change characteristics of the urban fringe to be more 

accurately represented. The node feature update process can be expressed as: 

ℎ𝑖
′ = 𝜎 ( ∑ 𝛼𝑖𝑗

𝑗∈𝑁(𝑖)

𝑊ℎ𝑗) (18) 

The calculation process realizes the neighborhood feature aggregation based on attention 

weight, so as to enhance the recognition ability of the model to the boundary structure. 

After completing the spatial feature learning, the UGB prediction results need to be 

optimized to improve the continuity and stability of boundary recognition. To this end, this 

study constructs an objective function for the UGB delineation task. If the prediction result of 

the model is 𝑃𝑖 and the real label is 𝑦𝑖, then the loss function of the basic classification can be 

expressed as cross entropy loss: 

𝐿𝑐𝑒 = − ∑ 𝑦𝑖

𝑛

𝑖=1

log(𝑃𝑖) (19) 

In order to enhance the spatial continuity of the prediction results, the spatial smooth 

regular term is also introduced, and its expression is: 

𝐿𝑠𝑝 = ∑ 𝑤𝑖𝑗

(𝑖,𝑗)∈𝐸

∥ 𝑃𝑖 − 𝑃𝑗 ∥2 (20) 

Where 𝑤𝑖𝑗  represents the spatial weight between nodes, which is used to enforce 

consistency in prediction results between adjacent nodes, so as to avoid excessive discretization 

of boundary prediction. The final model optimization objective function can be expressed as: 

𝐿 = 𝐿𝑐𝑒 + 𝜆𝐿𝑠𝑝 (21) 

Where 𝜆  is a trade-off parameter, which is used to control the balance between 

classification accuracy and spatial continuity. 

5. IMPLEMENTATION OF INTELLIGENT DELINEATION ALGORITHM 

FOR URBAN DEVELOPMENT BOUNDARY 

After completing the structural design and algorithm improvement of the graph neural 

network model, a complete implementation workflow for the UGB intelligent delineation 

algorithm is constructed, enabling the model to automatically generate continuous and 

meaningful development boundaries from urban spatial graph data. The overall algorithm takes 

the urban spatial graph 𝐺 = (𝑉, 𝐸, 𝑋) as input, where 𝑉  represents the set of spatial unit 

nodes, 𝐸 represents the set of spatial relationship edges between nodes, and 𝑋 represents the 

node attribute matrix. UGB intelligent delineation algorithm firstly constructs the graph 

structure and encodes the features of the input data, then carries out spatial feature propagation 

and node representation learning through the improved graph neural network model, and finally 

outputs the probability that each spatial unit belongs to the development area, and on this basis, 

generates the continuous urban development boundary. Let the graph neural network model be 

a function 𝐹(⋅), then the overall prediction process can be expressed as: 

𝑃 = 𝐹(𝐺; Θ) (22) 

Where 𝑃 = [𝑃1, 𝑃2, … , 𝑃𝑛]  represents the prediction probability that all spatial units 

belong to the development area, and Θ represents the model parameter set. According to the 

prediction probability, the classification results of spatial units can be obtained, thus forming 
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the spatial distribution of urban development areas and non-development areas. 

In the model training stage, the parameters of graph neural network need to be optimized 

by supervised learning mechanism. Let the real label of each node in the training sample be 

𝑦𝑖 ∈ {0,1}, where 1 represents a developed area and 0 represents an undeveloped area, then 

the node prediction probability 𝑃𝑖 is calculated by the model output layer. The model training 

realizes parameter updating by minimizing the loss function, and its basic form is cross entropy 

loss: 

𝐿𝑐𝑙𝑠 = −
1

𝑛
∑[𝑦𝑖 log(𝑃𝑖) + (1 − 𝑦𝑖) log(1 − 𝑃𝑖)]

𝑛

𝑖=1

(23) 

Where 𝑛 is the number of training nodes. The gradient of the loss function to the model 

parameters is calculated by the back-propagation algorithm, and the parameters are updated 

using the gradient descent method. The update formula is: 

Θ𝑡+1 = Θ𝑡 − 𝜂
∂𝐿

∂Θ
(24) 

Where 𝜂 is the learning rate and 𝑡 is the number of training iterations. After the model 

training, the trained parameters can be used to infer and predict the unmarked urban spatial 

units, so as to obtain the distribution of development potential within the urban space. 

In the model training phase, the parameters of the graph neural network are optimized 

using a supervised learning mechanism. 

𝐿 = 𝐿𝑐𝑒 + 𝜆𝐿𝑠𝑝 (25) 

This function not only ensures the classification accuracy, but also enhances the spatial 

continuity of the prediction results through the spatial smoothing regular term 𝐿𝑠𝑝. Where 𝜆 

is a trade-off parameter, which is used to control the balance between classification accuracy 

and spatial continuity. Through the joint optimization strategy, the prediction results can not 

only maintain high classification accuracy, but also conform to the overall structural 

characteristics of urban spatial development. 

After obtaining the node prediction probability, it is necessary to further generate a 

continuous urban development boundary. Firstly, the node is divided into development area set 

𝑈 and non-development area set according to the prediction probability threshold 𝜏, which is 

defined as: 

𝑈 = { 𝑣𝑖 ∣∣ 𝑃𝑖 ≥ 𝜏 } (26) 

Where 𝜏 is the probability threshold parameter. Then the continuous development area is 

identified by spatial clustering and regional connectivity analysis, and its external contour is 

extracted as the urban development boundary. Let the development area set be 𝑈, then the 

boundary node set can be expressed as: 

𝐵 = { 𝑣𝑖 ∈ 𝑈 ∣∣ ∃𝑣𝑗 ∉ 𝑈, (𝑖, 𝑗) ∈ 𝐸 } (27) 

This set represents all development nodes adjacent to the non-development area. By 

sorting and connecting these boundary nodes in space, continuous UGB boundary curves can 

be generated. To improve the planning rationality of the boundary shape, the spatial smoothing 

method can also be used to optimize the boundary, for example, the moving average or curve 

fitting method can be used to smooth the boundary points, which is expressed as: 
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𝑏̃𝑖 =
1

𝑘
∑ 𝑏𝑗

𝑖+
𝑘
2

𝑗=𝑖−
𝑘
2

(28) 

Where 𝑏𝑖  is the coordinates of the original boundary point, 𝑏̃𝑖  is the position of the 

smoothed boundary, and 𝑘 is the size of the smoothed window. This processing can reduce the 

irregular fluctuation of the boundary and make the generated results more in line with the actual 

urban planning needs. 

In terms of algorithm performance, the complexity of the algorithm needs to be analyzed. 

Let the urban spatial graph contain 𝑛 nodes and 𝑚 edges, then the computational complexity 

of convolution operation of single-layer graph mainly comes from the multiplication of 

adjacency matrix and characteristic matrix, and its complexity can be expressed as 𝑂(𝑚ℎ). 

Where ℎ is the hidden feature dimension. When the model contains the convolution structure 

of 𝐿-level graph, the overall computational complexity is about 𝑂(𝐿𝑚ℎ). Because the urban 

spatial map usually has a sparse structure, this complexity has good computational efficiency 

in practical applications. In addition, the graph neural network model can be accelerated by 

batch processing and graph sampling technology, such as using neighborhood sampling strategy 

to reduce the number of nodes per calculation, so as to further improve the scalability of the 

algorithm in large-scale urban spatial data. 

6. EXPERIMENTAL DESIGN AND EVALUATION SYSTEM 

To verify the effectiveness and stability of the proposed GNN-based UGB intelligent 

delineation algorithm, a systematic experimental design and evaluation system was constructed. 

A typical rapidly urbanizing area in eastern China was selected as the study area, characterized 

by significant urban expansion and complex land use structure, offering high research 

representativeness. The total area of the study area is approximately 1250 km², including 

multiple urban functional areas and urban-rural transition zones. The data sources used in the 

experiment include a variety of spatial data and socio-economic data. Among them, remote 

sensing images are mainly from Landsat 8 OLI and Sentinel-2 MSI, with a spatial resolution of 

10–30 m; land use data are from the national land resources monitoring database; and; Traffic 

network data is from OpenStreetMap (OSM); Population and economic data are from the 

statistical yearbook and urban planning database. In order to unify the spatial analysis scale, 

this study divides the study area into 500 m × 500 m regular grids, generates 5024 spatial unit 

nodes, and constructs the urban spatial map structure based on them. 

In the data pre-processing stage, multi-source spatial data need to be processed uniformly 

to ensure the consistency of different data sources in spatial scale and attribute dimension. 

Firstly, the remote sensing image is atmospheric corrected, image mosaic and cutting, and the 

supervised classification method is used to extract the characteristics of building land, 

impervious surface ratio and vegetation index (NDVI). The calculation formula of NDVI is: 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝑅𝐸𝐷
(29) 

𝑁𝐼𝑅 represents near-infrared reflectance and 𝑅𝐸𝐷 represents red reflectance, which can 

effectively reflect the surface vegetation coverage [30],[31]. Then, the road density index is 

calculated for the traffic network data, and the calculation expression is: 

𝐷𝑟𝑜𝑎𝑑 =
𝐿𝑟𝑜𝑎𝑑

𝐴
(30) 

Where 𝐿𝑟𝑜𝑎𝑑 is the total length of the road in the space unit, and 𝐴 is the unit area. The 

population density index is obtained by spatial interpolation of statistical population data, and 
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its calculation form is: 

𝐷𝑝𝑜𝑝 =
𝑃

𝐴
(31) 

Where 𝑃 is the unit population. Through the above processing, the node attribute matrix 

containing multidimensional urban development characteristics can be constructed, and the 

training set, validation set and test set can be further divided. This study divides the data 

according to the proportion of 60%: 20%: 20%, including 3014 training nodes, 1005 

verification nodes and 1005 test nodes. 

In order to more intuitively explain the composition of the experimental data, Table 1 

shows the main data types used in the experiment and their basic attributes. 

Table 1. Experimental data sources and attribute information 

Data type Data sources Spatial resolution Data usage 

Remote sensing image Landsat 8 / Sentinel-2 10–30 m Extracting land cover and NDVI 

Land use data Land and resources database 30 m Land use classification 

Traffic network data OpenStreetMap Vector Road density calculation 

Demographic data Statistical yearbook  Administrative district level Population density estimation 

Economic data  Urban statistical database Administrative district level Economic intensity index 

In terms of experimental model design, in order to verify the performance advantages of 

the proposed method, a variety of typical deep learning and graph neural network models are 

selected as comparison methods, including traditional machine learning method random forest 

(RF), deep neural network MLP, classical graph convolution network GCN, graph attention 

network GAT and spatial convolution network GraphSAGE. All models were trained in the 

same data set and experimental environment to ensure the fairness of the experimental results. 

During the training, Adam optimizer is used, the learning rate is set to 0.001, the batch size is 

64, and the maximum number of training rounds is 200. To avoid over fitting, dropout (0.5) and 

L2 regularization are used to constrain the model. The core experimental parameters of different 

models are shown in Table 2. 

Table 2. Experimental parameter settings of each model 

Model Number of layers Hide dimensions Learning rate Dropout 

MLP 3 128 0.001 0.5 

GCN 2 128 0.001 0.5 

GraphSAGE 2 128 0.001 0.5 

GAT 2 128 0.001 0.5 

Proposed 3 128 0.001 0.5 

In order to systematically evaluate the accuracy and spatial rationality of UGB delineation 

results, this study constructed a multi index evaluation system, including classification accuracy, 

precision, recall, and F1 score is obtained by harmonic averaging to comprehensively [32],[33]. 

The accuracy rate is used to measure the accuracy of the overall forecast, and its calculation 
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formula is: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(32) 

𝑇𝑃  represents the number of nodes in the development area correctly identified, 𝑇𝑁 

represents the number of nodes in the non-development area correctly identified, 𝐹𝑃 

represents the number of nodes misjudged as the development area, and 𝐹𝑁 represents the 

number of nodes in the development area not identified. The accuracy rate and recall rate are 

used to evaluate the accuracy and completeness of the model in the identification of 

development areas, and their expressions are respectively: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(33) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(34) 

On this basis, F1 score, obtained by harmonic averaging, is used to comprehensively 

measure model performance: 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(35) 

In addition to the classification accuracy index, the spatial consistency index is also 

introduced to evaluate the continuity of UGB boundary. Let the set of adjacent node pairs be 

𝐸, then the spatial consistency index can be expressed as: 

𝑆𝐶 = 1 −
1

∣ 𝐸 ∣
∑ ∣

(𝑖,𝑗)∈𝐸

𝑃𝑖 − 𝑃𝑗 ∣ (36) 

Where 𝑃𝑖 and 𝑃𝑗 respectively represent the prediction probability of adjacent nodes. The 

higher the index, the more continuous the prediction results in space. 

To further illustrate the distribution of experimental data, Table 3 gives the statistical 

results of the nodes in the development area and non-development area in the training data. 

Table 3. Distribution of training data categories 

Category Number of nodes Proportion 

Development Area 1720 57.1% 

Undeveloped area 1294 42.9% 

Total 3014 100% 

Through the above experimental design, a complete UGB delineation experimental 

environment can be constructed. The selection of research area ensures that the experiment has 

realistic representativeness, multi-source data fusion enhances the ability of urban spatial 

feature expression, and multi model comparison experiment can systematically evaluate the 

performance advantages of the proposed algorithm. At the same time, the multi index evaluation 

system can not only measure the classification accuracy of the model, but also reflect the 

rationality of the UGB boundary in the spatial structure, providing a reliable evaluation basis 

for the analysis of subsequent experimental results. 
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7. EXPERIMENTAL RESULTS AND PERFORMANCE ANALYSIS 

This section evaluates the performance of the proposed GNN-based UGB intelligent 

delineation algorithm through systematic experiments and compares it with various benchmark 

models. The experimental results are comprehensively evaluated in terms of UGB delineation 

accuracy, algorithm performance improvement, adaptability to different spatial scales, 

computational efficiency, and stability.  

Firstly, the accuracy of UGB delineation of different models is compared and analyzed. 

The traditional machine learning model random forest (RF), deep neural network MLP and 

various graph neural network models (GCN, GraphSAGE, GAT) were selected as the 

comparison baseline. The performance results of each model on the test set are shown in Table 

4. 

Table 4. Comparison of UGB delineation accuracy across different models 

Model Accuracy Precision Recall AUC 

Random Forest 0.841 0.832 0.809 0.872 

MLP 0.853 0.846 0.821 0.884 

GCN 0.878 0.871 0.854 0.903 

GraphSAGE 0.884 0.879 0.861 0.910 

GAT 0.891 0.885 0.872 0.916 

Proposed 0.912 0.907 0.894 0.935 

It can be seen from Table 4 that the performance of traditional machine learning model in 

UGB recognition task is relatively low, while the performance of graph neural network model 

is significantly improved due to its ability to use spatial topology. The accuracy index of GCN 

and GraphSAGE reached 0.878 and 0.884 respectively, while the improved model proposed in 

this study boosts the accuracy to 0.912 by introducing spatial constraints and adaptive 

neighborhood mechanism, which was about 3.4% higher than the basic GCN model. In order 

to more intuitively show the performance differences of different models, Figure 1 shows the 

comparison results of F1-score of each model. 
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Figure 1. Comparison of F1 scores across different models 

It can be seen from Figure 1 that the graph neural network model is better than the 

traditional method as a whole, and the proposed method achieves the best results across all 

comprehensive metrics. 

In order to further analyze the performance improvement effect brought by the algorithm 

improvement, the key modules of the model were gradually introduced into the experiment, 

including spatial constraint module (SC), driver embedding (DE) and adaptive neighborhood 

weight (AN). The experimental results are shown in Table 5. 

Table 5. Contribution analysis of algorithmic modules 

Model structure Accuracy Precision Recall F1 

Baseline GCN 0.878 0.871 0.854 0.862 

GCN + SC 0.892 0.886 0.871 0.878 

GCN + SC + DE 0.904 0.898 0.883 0.890 

Complete model 0.912 0.907 0.894 0.900 

As can be seen from Table 5, the spatial constraint module improved accuracy by about 

1.4%, and the embedding of driving factors further increased by 1.2%, while the adaptive 

neighborhood mechanism optimized the performance of the model. This shows that the driving 

factors of urban expansion and spatial constraint information play an important role in UGB 

recognition. 

In order to evaluate the adaptability of the model at different spatial scales, experiments 

were conducted at four spatial grid scales: 250 m, 500 m, 750 m, and 1000 m. The model F1-

score changes under different scales are shown in Table 6. 
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Table 6. Experimental results at different spatial scales 

Grid scale RF GCN GAT Proposed 

250 m 0.811 0.856 0.871 0.889 

500 m 0.820 0.862 0.878 0.900 

750 m 0.813 0.854 0.870 0.892 

1000 m 0.804 0.848 0.865 0.884 

It can be found from Table 6 that the model performance is the best when the grid scale is 

500m. This is mainly because the scale can better balance the details of urban spatial structure 

and the overall regional characteristics. 

In terms of spatial results, Figure 2 shows the schematic diagram of UGB delineation 

results of the study area, in which the red area represents the predicted development area and 

the blue area represents the ecological or non-development area. 

 

Figure 2. Schematic diagram of the predicted urban development boundary 

It can be seen from Figure 2 that the predicted UGB boundary is highly consistent with 

the actual urban expansion trend, and the boundary shape maintains good spatial continuity. 
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In terms of algorithm efficiency, the training time and reasoning time of each model are 

statistically analyzed. The calculation efficiency is defined as the calculation time per unit node, 

and its expression is: 

𝑇𝑎𝑣𝑔 =
𝑇𝑡𝑜𝑡𝑎𝑙

𝑛
(37) 

Where 𝑇𝑡𝑜𝑡𝑎𝑙 is the total running time of the model, and 𝑛 is the number of nodes. The 

experimental results are shown in Table 7. 

Table 7. Comparison of model computational efficiency 

Model Reasoning time (s) Average node time (ms) 

RF 4 0.79 

MLP 6 1.04 

GCN 8 1.26 

GraphSAGE 9 1.35 

GAT 11 1.50 

Proposed 12 1.57 

Although the computational cost of this method is slightly higher, it is within the 

acceptable range, and in exchange for a significant improvement in accuracy. Figure 3 shows 

the comparison of training time of different models. 

 

Figure 3. Comparison of training time across different models 

In order to further verify the stability of the model, 10 repeated experiments were 
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conducted and the performance variance was calculated. The stability index is defined as: 

𝜎 = √
1

𝑘
∑(𝐹

𝑘

𝑖=1

1𝑖 − 𝐹1̄)2 (38) 

Where 𝑘 is the number of experiments. The experimental results are shown in Table 8. 

Table 8. Model stability analysis 

Model Average F1 Variance 

RF 0.820 0.0042 

MLP 0.833 0.0038 

GCN 0.862 0.0027 

GAT 0.878 0.0023 

Proposed 0.900 0.0018 

The results show that the proposed model is not only superior to other methods in accuracy, 

but also shows lower variance in many experiments, indicating that the algorithm has higher 

stability. 

Based on the above experimental results, it can be concluded that the proposed UGB 

intelligent delineation algorithm based on graph neural network is superior to the traditional 

model in accuracy, stability and spatial adaptability. The model can effectively capture the urban 

spatial structure and expansion law, and still maintain good performance under different spatial 

scales. At the same time, the computational efficiency is within the acceptable range, which has 

strong practical application potential. 

8. ABLATION EXPERIMENT AND MODEL MECHANISM ANALYSIS 

To deeply analyze the contribution of key components in the proposed model to UGB 

identification performance, this section systematically verifies the core modules through 

ablation experiments and mechanism analysis. The experiments focus on the contribution of 

key modules, the effectiveness of the spatial constraint mechanism, the effect of the improved 

graph attention structure, and parameter sensitivity and robustness. All experiments were 

conducted under the same training data and experimental environment, with F1-score, accuracy, 

and AUC used as the main evaluation metrics. In order to measure the stability of the model 

prediction results, the model stability index is defined as: 

𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 1 −
1

𝑘
∑ ∣ 𝐹

𝑘

𝑖=1

1𝑖 − 𝐹1̄ ∣ (39) 

Where 𝐹1𝑖 is the F1-score obtained in the 𝑖th experiment, 𝐹1̄ is the average F1-score, 

and 𝑘 is the number of experimental repetitions. The closer the index is to 1, the more stable 

the model is under different experimental conditions. 

Firstly, the contribution of key modules of the model to the overall performance is analyzed. 

This model mainly includes three core modules: spatial constraint graph convolution module 

(SC-GCN), urban expansion driver embedding module (DE), and adaptive graph attention 

module (AGA). By gradually removing each module to build a model with different structure 
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for comparative experiments. Table 9 shows the performance changes of the model under 

different module combinations. 

Table 9. Contribution analysis of key model modules 

Model structure Accuracy Precision Recall F1-score AUC 

Basis GCN 0.878 0.871 0.854 0.862 0.903 

GCN + SC 0.892 0.886 0.871 0.878 0.915 

GCN + DE 0.895 0.889 0.874 0.881 0.918 

GCN + AGA 0.901 0.895 0.883 0.889 0.924 

GCN + SC + DE 0.904 0.898 0.883 0.890 0.929 

Complete model 0.912 0.907 0.894 0.900 0.935 

As can be seen from Table 9, each module can significantly improve the performance of 

the model. The adaptive graph attention module contributes the most to the performance, and 

improves F1-score by about 2.7%. When the three modules work at the same time, the overall 

performance of the model reaches the best state. 

In order to verify the effectiveness of spatial constraint mechanism in UGB delineation, 

the spatial consistency index (SC) is introduced for evaluation, and its calculation formula is: 

𝑆𝐶 = 1 −
1

∣ 𝐸 ∣
∑ ∣

(𝑖,𝑗)∈𝐸

𝑃𝑖 − 𝑃𝑗 ∣ (40) 

Where 𝑃𝑖 and 𝑃𝑗 are the prediction probabilities of adjacent nodes respectively, and ∣

𝐸 ∣ is the number of edges in the graph. The higher the index, the more continuous the spatial 

prediction results. The experimental results are shown in Table 10. 

Table 10. Validation of the spatial constraint mechanism 

Model Accuracy F1 Spatial Consistency 

GCN 0.878 0.862 0.814 

GCN + SC 0.892 0.878 0.847 

GAT 0.891 0.878 0.838 

Proposed 0.912 0.900 0.873 

It can be seen from Table 10 that after the introduction of spatial constraint mechanism, 

the spatial consistency index increased from 0.814 to 0.873, indicating that the prediction 

boundary is more continuous in space. Figure 4 shows the change of UGB boundary before 

and after spatial constraints. 
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Figure 4. UGB boundary before and after applying spatial constraints 

It can be observed that the prediction boundary is smoother and more continuous after 

adding spatial constraints. 

In the aspect of graph attention mechanism, this study improves the traditional gat structure. 

This study adjusts attention by introducing the spatial distance weight 𝑑𝑖𝑗: 

𝛼𝑖𝑗
∗ =

exp (LeakyReLU(𝑎𝑇[𝑊ℎ𝑖 ∣∣ 𝑊ℎ𝑗] − 𝛽𝑑𝑖𝑗))

∑ exp (LeakyReLU(
𝑘∈𝑁(𝑖)

𝑎𝑇[𝑊ℎ𝑖 ∣∣ 𝑊ℎ𝑘] − 𝛽𝑑𝑖𝑘))
(41) 

Where 𝛽  is the distance attenuation parameter. This mechanism can enhance the 

influence of adjacent nodes and suppress the interference of long-distance nodes. 

Further statistical analysis is made on the distribution of attention weight, and the results 

are shown in Table 11. 

Table 11. Statistics of attention weight distribution 

Node distance interval Traditional GAT weights Improved GAT weights 
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0–500 m 0.21 0.34 

500–1000 m 0.19 0.26 

1000–1500 m 0.17 0.19 

1500–2000 m 0.16 0.12 

>2000 m 0.27 0.09 

The results show that the improved attention mechanism significantly refines the weight 

distribution for adjacent nodes, making the model more consistent with the principles of urban 

spatial interaction. 

In the aspect of parameter sensitivity analysis, the effects of hidden layer dimension ℎ, 

learning rate 𝜂  and spatial constraint weight 𝜆  on the performance of the model are 

investigated. The experimental setup ℎ ∈ {64,128,256,512} , and the results are shown in 

Table 12. 

Table 12. Sensitivity analysis of hidden layer dimensions 

Hidden size Accuracy F1 

64 0.891 0.878 

128 0.912 0.900 

256 0.908 0.897 

512 0.904 0.893 

In addition, the sensitivity experiment of the spatial constraint parameter 𝜆 is also carried 

out, and the experimental results are shown in Table 13. 

Table 13. Sensitivity analysis of spatial constraint parameters 

λ Accuracy F1 

0 0.892 0.878 

0.2 0.904 0.889 

0.4 0.912 0.900 

0.6 0.909 0.897 

0.8 0.903 0.892 

Finally, the robustness of the model is evaluated by repeated experiments. The experiment 

conducted 10 times of random initialization training, and the statistical results are shown in 

Table 14. 

Table 14. Model robustness analysis 

Model Average F1 Standard deviation 
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RF 0.820 0.0042 

MLP 0.833 0.0038 

GCN 0.862 0.0027 

GAT 0.878 0.0023 

Proposed 0.900 0.0018 

The experimental results show that the proposed model is not only superior to the 

benchmark method in accuracy, but also shows lower performance fluctuation in many 

experiments, indicating that the model has strong robustness and stability. 

To sum up, through systematic ablation experiments and mechanism analysis, it can be 

found that spatial constraint mechanism, driver embedding and improved map attention 

structure can significantly improve the performance of UGB delineation. At the same time, the 

model has good stability for parameter changes, and can still maintain high prediction accuracy 

under different experimental conditions. These experimental results further verify the 

effectiveness and reliability of the proposed method in the task of intelligent delineation of 

urban development boundary. 

9. CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS 

Focusing on the intelligent delineation of UGB, this study proposes a spatial structure 

learning method based on graph neural networks and constructs an automatic UGB recognition 

framework tailored for urban spatial planning. By abstracting urban spatial units as graph nodes 

and using multi-source spatial data to construct node attributes, the structural representation of 

the urban spatial system is realized. An improved graph neural network integrating spatial 

constraint information and urban expansion driving factors is designed. Through spatial feature 

encoding, graph convolution information propagation, and multi-scale feature aggregation, 

deep learning of urban spatial structure relationships is achieved. The experimental results show 

that the proposed method is superior to the traditional machine learning method and the classical 

graph neural network model in UGB recognition accuracy, spatial consistency and model 

stability, and can more accurately identify the urban development boundary and spatial 

expansion trends. At the same time, the model can still maintain good prediction ability under 

different spatial scales, which shows that the method has strong adaptability in complex urban 

spatial system. 

From the perspective of methodology, this study provides a new theoretical thinking for 

the delineation of urban development boundary. Traditional UGB delineation methods often 

rely on empirical rules or a single spatial evaluation model, making it difficult to effectively 

describe the complex structural relationships within an urban spatial system. In this study, the 

urban space problem is transformed into the graph structure learning problem, and the graph 

neural network is used to jointly model the neighborhood relationship and development 

momentum between spatial units, allowing urban spatial topological relationships to be fully 

leveraged within a deep learning framework. In addition, by introducing the spatial constraint 

mechanism and embedding the driving factors of urban expansion into the model, the model 

can not only consider the spatial adjacency relationship, but also comprehensively reflect the 

impact of traffic conditions, population distribution and economic development on urban 

expansion. This modeling method combining spatial structure and urban development 

dynamics provides a new technical path for urban spatial planning research, and also opens up 

new research directions for the application of graph neural networks in the field of geospatial 

analysis. 
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At the practical application level, the UGB intelligent delineation method based on graph 

neural network has high application potential. With the development of remote sensing 

technology and geographic information system, the ability to obtain urban spatial data has been 

continuously improved. Large scale multi-source spatial data has become an important basic 

data for land spatial planning. The model proposed in this study can automatically learn the 

rules of urban spatial structure in the multi-source data environment, and generate the 

development boundary results with spatial continuity, which can serve as a scientific reference 

for decision-making by urban planning departments. In the fields of urban master planning, 

land spatial planning and urban expansion management, this method can help planners identify 

potential development areas and ecological protection areas, so as to achieve a more reasonable 

land use structure. At the same time, this method can also update the urban development trend 

by updating the input data, making the UGB delineation process more dynamic and data-driven, 

and enhancing the intelligence of urban governance. 

Although this method has achieved some research results in the intelligent delineation of 

urban development boundary, there remains room for further expansion and optimization. 

Future research can be carried out in many directions. First of all, urban development has 

obvious characteristics of time evolution, and the research presented in this study is primarily 

based on static spatial data modeling. Therefore, time series data can be further introduced to 

build a spatio-temporal map neural network model to realize the dynamic analysis of urban 

expansion process. By integrating multi period remote sensing images and socio-economic data, 

the urban growth trend can be predicted, so as to achieve dynamic UGB delineation. Secondly, 

we can combine the urban development scenario simulation method to explore the change rules 

of UGB under different policy and planning scenarios, and provide a more comprehensive 

analytical tool for urban planning decision-making. In addition, in the aspect of model structure, 

multi-layer graph structure or heterogeneous graph neural network can be further introduced to 

enhance the expression ability of the model for complex spatial relationships. Finally, with the 

continuous accumulation of large-scale urban data, how to improve the interpretability of the 

model while ensuring computational efficiency is also an important direction for future research. 

In general, the intelligent delineation method of urban development boundary based on 

graph neural network proposed in this study provides a new technical framework for intelligent 

analysis of complex urban spatial systems. This method can not only effectively integrate multi-

source spatial data, but also capture the key patterns of urban spatial development through graph 

structure learning, providing data-driven decision support for urban planning and land spatial 

management. In the future, with the continuous development of deep learning technology and 

spatial data analysis methods, spatial planning research based on graph neural network is 

expected to play a more important role in urban governance, land use optimization and 

sustainable urban development. 
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