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Abstract: Recognizing functionally cohesive building groups is crucial for urban analysis,
geospatial intelligence, and smart city applications. Traditional methods rely heavily on ge-
ometric information and often overlook the functional and semantic coherence of buildings,
leading to their incorrect recognition. To overcome these challenges, this study introduces
a flow-based community search approach, which models morphological, functional, and
spatial relationships with a graph-based representation. The approach consists of graph
representation learning, flow-based community generation, and community quality assess-
ment, enabling adaptive building group recognition based on both structural coherence and
functional similarity. Experimental results on commercial complex recognition demonstrate
that our approach consistently outperforms traditional methods, achieving an improve-
ment of over 5.4% in F1 score compared to the second-best method. Furthermore, its strong
performance on limited training datasets highlights its robustness. These findings establish
the proposed approach as an effective and reliable tool for recognizing functionally cohesive
building groups, with practical viability in urban planning and policy formulation.

Keywords: building group recognition; community search; commercial complexes;
flow-based generation

1. Introduction

Building groups represent structured collections of proximate buildings that are spa-
tially arranged or functionally linked. They constitute a fundamental component of urban
space, reflecting both physical organization and socio-functional integration. Building
groups not only delineate the spatial configurations of urban environments (e.g., linear
clusters or grid-based layouts) but also carry functional attributes closely associated with
human-centered activities, such as commercial districts and residential zones [1,2]. There-
fore, the recognition of building groups contributes to a deeper understanding of urban
morphology, offering critical insights for urban planners and geospatial analysts. Further-
more, it serves as a key enabler in smart city research, supporting applications ranging
from three-dimensional urban modeling to sustainable urban design [3,4]. In addition,
the recognition of building groups serves as a fundamental prerequisite in multi-scale
building mapping, as it provides the structural foundation for subsequent generalization
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operations [5,6]. In summary, the recognition of building groups constitutes a significant
research task with broad applicability across a wide variety of fields.

Prior research on building group recognition has largely focused on detecting building
clusters with regular spatial distributions, such as linear, grid-structured, or alphabetical-
shaped patterns [7-10]. Although significant progress has been made, existing methods still
exhibit inherent limitations in recognizing functionally cohesive building groups. A key
challenge underlying these limitations is the decoupling of geometric and semantic features,
where an over-reliance on geometric features leads to the neglect of semantic attributes.
Despite buildings within the same group exhibiting similar geometric shapes, they may
serve distinct functional purposes. For example, in the task of recognizing commercial
complexes, existing methods may erroneously group geometrically adjacent shopping
malls and residential buildings into the same cluster, failing to account for their distinct
functional purposes.

To overcome this challenge, it is essential to move beyond purely geometric features
and incorporate both semantic attributes and spatial relationships into the recognition
process. Conventional rule-based and machine learning approaches often overlook the
intricate spatial relationships among buildings, thereby limiting their capacity to recognize
building groups. Although graph neural networks (GNNs) offer the advantage of modeling
spatial dependencies within building networks [11,12], they are still constrained by a rigid
one-size-fits-all grouping paradigm, which imposes uniform grouping rules across all
buildings. This lack of adaptability makes it challenging to adapt to complex scenarios,
where building functional heterogeneity is pronounced. Graph-based community search
methods [13], which iteratively expand from one or more given query nodes to identify
the most cohesive subgraph based on structural tightness and attribute similarity, offer
a promising solution to the challenges of recognizing building groups with functional
coherence. Community search methods focus on nodes that are functionally relevant and
spatially adjacent, yielding more meaningful subgraphs—namely, building groups with
functional coherence. Furthermore, compared to GNNs, community search is case-driven:
it can learn potential grouping patterns from data rather than relying on rigid, predefined
rules, thereby offering superior adaptability in complicated and heterogeneous urban
contexts. Given these advantages, this study explores the application of the community
search approach to the recognition of building groups, using commercial complexes as a
case study.

The innovations and main contributions of this paper are as follows:

e A case-driven, flow-based community search approach is innovatively applied to the
task of recognizing functionally cohesive building groups. Using commercial complex
recognition as a case study, our approach demonstrates a 5.4% improvement in F1
score over the second-best method.

e Anincremental graph propagation network is applied in our study to integrate the
geometric features, semantic attributes, and spatial relationships of buildings. This in-
tegration effectively mitigates the decoupling of geometric and semantic features—an
issue that commonly arises in building group recognition tasks.

e  We designed three synergistic modules that integrate feature computation, iterative
node selection, and quality evaluation mechanisms. These components enable our
method to maintain robust performance even with limited training data, demonstrat-
ing its practical applicability in data-scarce scenarios.

The remainder of this paper is structured as follows: Section 2 reviews related works
on the recognition of building groups and community search. Section 3 provides an
overview of the study area and the data used in the experiments. Section 4 describes the
proposed approach in a step-by-step manner. In Section 5, we discuss the experiments,
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including experimental datasets, implementation details, recognition performance, and key
insights. Finally, in Section 6, the conclusion encapsulates the main findings.

2. Related Works
2.1. Recognition of Building Groups

Research on recognizing building groups has undergone a significant paradigm shift,
evolving from rule-based to data-driven methods, as shown in Figure 1. Early studies
predominantly relied on expert knowledge to define building patterns as fixed templates,
recognizing building groups by matching a given set of buildings to these predefined
patterns. For instance, Rainsford and Mackaness [14] and Xing et al. [15] introduced
templates to detect building patterns and grouping, but their methods were restricted to
linear patterns. Similarly, Gong and Wu [5] employed template-based methods to recognize
alphabetic-like building groups, such as Z-shaped and H-shaped patterns. Despite their
effectiveness in specific cases, these template-based methods lack flexibility when dealing
with building groups that exhibit irregular spatial distributions.

Methods Results

o 8

Machine learning methods

JOJISSe)

Graph neural network methods

Figure 1. An illustration of the development of methods and their corresponding results in recogniz-
ing building groups.

To enhance the adaptability of methods, researchers have increasingly adopted models
based on graph theory. These models construct proximity graphs, such as the minimum
spanning tree (MST) and Delaunay triangulation (DT) [16,17], to model spatial relationships.
The recognition of building groups is subsequently carried out using rule-based detection
algorithms. For instance, Zhang et al. [18] employed the MST in conjunction with Gestalt
principles to detect collinear and curvilinear building groups. Further innovations have
introduced graph refinement techniques, including graph pruning [19,20] and convex graph
decomposition [1]. These refinement strategies enabled more sophisticated recognition of
building groups through systematic edge removal and subgraph generation, particularly
enhancing the detection of irregular spatial configurations.

Developments in computer science have prompted the integration of data-driven
methods for recognizing building groups, marking a departure from the reliance on hand-
crafted decision rules. Traditional models, including support vector machine (SVM) and
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random forest (RF), are adept at extracting building patterns from labeled examples and
producing corresponding decision rules [18,21]. Nevertheless, these methods heavily
depend on manual features and struggle to effectively process non-Euclidean spatial data,
which are typical of complex building groups in urban environments. In response to these
challenges, researchers have increasingly adopted graph neural networks (GNNs) as a
robust alternative for recognizing building groups [22-24]. GNNs are uniquely suited for
processing unstructured data, making them ideal for capturing the spatial relationships
and nuanced interactions between buildings.

In addition, the functional consistency of building groups should not be overlooked.
However, compared to the analysis of geometric patterns, recognizing building groups with
inherent semantic significance—such as commercial complexes, healthcare campuses, or
transportation hubs—remains an underexplored area despite its critical practical implications.

2.2. Community Search

Real-world networks (e.g., social networks and the World Wide Web) are frequently
represented as graph structures to model intricate relationships among heterogeneous
entities. A fundamental concept in network analysis is that of communities—clusters of
vertices characterized by extensive intra-connections [25]. Given the intricacies of commu-
nity structures, efficiently identifying them within graphs has emerged as a critical research
challenge. To address this issue, a growing body of research has recently introduced meth-
ods of community search (CS). A CS method can automatically identify additional nodes
that collectively form a coherent subgraph by designating a known node as a query node
and modeling spatial links between adjacent nodes as graph edges. Existing CS methods
bifurcate into two principal categories: non-attributed community search, which focuses
on topological connectivity in simple graphs, and attributed community search (ACS),
which integrates both structural cohesion and semantic consistency in attributed graphs.
To quantify structural cohesion, multiple graph-theoretical metrics have been developed,
including k-core decompositions [26], k-truss formulations [27], and k-clique [28]. However,
these conventional metrics demonstrate limited adaptability when handling multifaceted
real-world networks characterized by multidimensional attributes, necessitating more
flexible community detection frameworks.

ACS extends non-attributed methods by synergistically integrating the dual con-
straints of structural cohesion and attribute homogeneity. Existing studies of ACS are
systematically categorized into three paradigms: cohesiveness-based, spectral-based, and
generative model-based methods. Firstly, cohesiveness-based methods, exemplified by
ACQ [29] and ATC [30], employ two-stage optimization frameworks, where initial candi-
date communities are generated through predefined structural constraints (k-truss/k-core)
and subsequently refined via attribute score maximization. Secondly, advancements in
spectral-based methods include LEMON [31], which constructs localized spectral embed-
dings from short random walks to capture community signatures. Li et al. [32] facilitated
the identification of attribute-aligned communities across multiple scales through adap-
tive spectral partitioning. Thirdly, generative model-based methods have emerged as a
promising avenue for local community detection. A notable example is SEAL [33], which
employs a GNN to learn node representations and follows a Generative Adversarial Net-
work (GAN) framework. In this setup, the generator iteratively forms communities, while
the discriminator distinguishes them from real ones. Through adversarial training, the
generator refines its ability to produce communities that are increasingly indistinguishable
from real ones.

In some of the literature, there is a significant overlap between CS and community
detection (CD) [34-36], which share similar goals. Typically, CD employs global criteria to
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partition the entire graph and detect communities. In contrast, CS defines communities
based on a set of query vertices and examples provided by the user. This enables the
generation of subgraphs that are both structurally and semantically cohesive, which aligns
more closely with the task of recognizing building groups.

3. Study Area and Dataset
3.1. Study Area

Wuhan City, Hubei Province, China, a core city in the Yangtze River Economic Belt
and a national central city, plays a vital role in the high-quality development of the Cen-
tral Yangtze River Urban Agglomeration. In recent years, the city has released various
policy documents, such as the “Implementation Opinions on Fostering and Building an
International Consumer Center City”, which have facilitated the dual development of its
commercial complexes in terms of both “stock updating” and “incremental innovation”
and driven the transformation of commercial complexes from traditional shopping malls
to multi-functional spaces, integrating commercial, cultural, and social functions. Addition-
ally, the spatial distribution of commercial complexes in Wuhan not only follows the central
place theory [37] but is also influenced by the city’s multi-center, cluster-based spatial
layout, resulting in a multi-tiered commercial network structure that exhibits significant
spatial heterogeneity. The combined effects of policy interventions and geographic factors
provide a diverse range of case studies for commercial complex search tasks, rendering
Wuhan an ideal region for research on commercial complex search. The study area is
located within the Fourth Ring Road of Wuhan City, as shown in Figure 2.

N

— City boundary

— District boundary
— Forth Ring Road
8 Study area

Figure 2. An overview of the study area.

3.2. Data Sources and Preprocessing

In this study, we primarily relied on building data, road data, and Point-of-Interest
(PQI) data. The road data were sourced from the OpenStreetMap (OSM) platform, while
the building data were obtained from Baidu Maps. First, we manually labeled buildings in
commercial complexes within the Fourth Ring Road of Wuhan City. The labeling process
was carried out by three experts with specialized knowledge, using Baidu Maps as a
reference. Next, we partitioned the study area into 1589 Traffic Analysis Zones (TAZs)
using road data of level 3 and higher [38]. Given that the original OSM road data exhibit
multi-lane and interchange structures in certain areas, along with topological errors, we
utilized a dilation-thinning method to extract road centerlines for the TAZ division [39].
Finally, we selected 100 TAZs containing commercial complexes, as shown in Figure 3.
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Each TAZ corresponds to a community search unit, with all buildings within a TAZ serving
as the research subjects of the search unit.

[ ] TAZ without commercial complexes 1 TAZ with commercial complexes
] Non-commercial complex buildings [ ] Commercial complex buildings
e Accommodation Service e Food & Beverages Daily Life Service e Communal Facility Service

o Transportation Service ~® Commercial Service  Enterprises « Science/Culture & Education Service

Figure 3. Experimental data: (a) TAZs divided by road data of level 3 and higher within the study
area; (b) manually labeled commercial complex buildings.

POI data were obtained through the Amap Application Programming Interface (API)
and were used to calculate the socio-economic features of the buildings. Each POI entry
includes attributes such as the name, address, longitude, latitude, and type (including big
category, mid-category, and subcategory). To avoid excessive POI types, only the big cate-
gory within the “type” field was considered in our study. Since certain POI categories were
irrelevant to the scope of this research, categories such as Tourist Attraction, Motorcycle
Service, and Place Name & Address were excluded. Finally, to address the imbalance in the
number of POI categories, the remaining 17 categories were reclassified into 8 categories,
as outlined in Table 1.

Table 1. POI categories before and after reclassification.

Reclassified . . .
Index POI Categories Filtered POI Categories Proportion

Shopping, Auto Dealers,

1 Commercial Service Auto Service, Finance & 19.58%
Insurance Services
2 Food & Beverages Food & Beverages 18.63%
3 Accommodation Service Accommoda.t ion Service, 6.43%
Commercial House
Public Facility,
Communal Goyerpmental .
4 Facility Service Organization & Social 8.28%
Group, Medical Service,
Sports & Recreation
Transportation Service,
5 Transportation Service Pass Facilities, 5.92%
Road Furniture
6 Daily Life Service Daily Life Service 20.23%
7 Science/Culture & Science/Culture & 9.11%
Education Service Education Service ’

8 Enterprises Enterprises 11.80%
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4. Methodology

The overall process of the proposed approach includes graph construction and com-
mercial complex recognition, as shown in Figure 4. This section provides a detailed
explanation of these two components.

/ 1. Graph construction for buildings \ / 2. Community search for recognizing\

commercial complexes
4@@ 40%0%
[S—— @ & <>5 @ & @5
s A
: Qv % IS Qv o g8 t=n
Feature | extraction T oo O N T oo O N
Al o N T o®
AN TSN
Morphological ° = =
features _ tee.
. Graph structure Community Flow-based
Perimeter L constructionn \ | quality assessmer:\ / g:nwerataisoen
. Areal Graph represen!a!ionI
Circularity learning

JuowaSpnl uoneUIULID],

S
POI data

Feature | extraction

Community ’\
quality assessment

Socio- Flow-based
features: Concatenating l generation
features .
POI density Graph representation I
learning

POI type proportion

Seed node
selection

| 51 Non-commercial complex building

| ] Commercial complex building
| X Candidate building

Graph
representation
learning

N

Figure 4. The framework of the proposed approach.

4.1. Graph Construction for Buildings
4.1.1. Node Feature Extraction

e  Morphological features

Bertin’s visual variables [40] are the fundamental elements that make up map symbols,
and their variations can effectively reflect the differences between geographic entities. In
this study, we used three visual variables—size, orientation, and shape—to describe the
morphological features of buildings.

Each visual variable is quantified through a set of metrics. To avoid redundancy and
potential correlations among the metrics, while ensuring their applicability and relevance
to our study, we have carefully selected the metrics for each visual variable. Specifically, the
size variable is quantified using perimeter, area, height, and mean radius; the orientation
variable is measured by the orientation of the smallest bounding rectangle; and the shape
variable is characterized by elongation, circularity, convexity, rectangularity, equivalent
rectangular index, and roughness index.

Based on the spatial competition theory [41], the existence of each building influences
its surrounding space, and there is spatial competition between adjacent buildings. Ai and
Zhang proposed a method for constructing Voronoi-like polygons based on constrained
Delaunay triangulation (CDT) to capture the spatial influence range of buildings [42].
The ratio of the building area to its corresponding Voronoi-like polygon area serves as a
significant metric for measuring the building density.
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In summary, this study employs 4 variables—size, orientation, shape, and density—along
with 12 metrics to describe the morphological features Fjs of individual buildings. The
relevant calculation formulas and detailed annotations are provided in Table 2.

Table 2. Morphological feature metrics of individual building.

Variable Metrics Formulas and Annotations
Perimeter —
Area —
Size Helght —
NI R
Mean radius (R; indicates average distance from the i-th building’s
vertexes to its centroid)
Orientation Orientation of the smallest .
bounding rectangle (SBR)
Lgbr
. V\;lgbr
Elongation (L and WP indicate the length and width of the
i-th building’s SBR, respectively)
47TA,'
b;
Circularity (A; and P; indicate the area and perimeter of the
i-th building)
A;flh
Convexity (Afh indicates the convex hull area of the
Shape i-th bjﬂding)
Rectangularity AT
(A?brindicates the area of the i-th building’s SBR)
Piear
. . b;
Equivalent rectangular index (ERI) (Pf%" indicates the perimeter of the i-th building’s
equal-area rectangle)
-2
Ri
Rotehross index (Rl yp X 42.6
oughness index (RI) (R; indicates the mean radius of the i-th building, and
42.6 is used as the coefficient to scale a circle’s RI to 1)
Aj
A7
Density Area ratio (AR) (AY indicates the area of the i-th building’s

Voronoi-like polygon)

. Socio-economic features

The socio-economic features Fsr of each building are calculated based on the prepro-
cessed POls in Section 3.2. Specifically, these features include the density metric Fpepsir,
and the proportion metric Fpyoportion for different types of POls around each building. Due
to positional offsets in the POI data, we construct a buffer zone around the buildings with
a radius of 10 m to capture nearby POlIs [43]. Then, we apply kernel density estimation
(KDE), a non-parametric statistical method, to calculate the density of different types of
POls within the buffer zone of building x [44], using Formula (1):

filx) = Zi;l hlzK<Distance(a;l— POImJ-)> O

where h is the distance decay threshold; 1 is the number of POIs of the i type within a
distance of i from building x; K is the kernel density function, with the Gaussian kernel
density function being used in our study; POI,, ; denotes the m" POI of the j" type; and
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Distance(.) represents the Euclidean distance calculation. The POI density metric Fpeysity
for each building is expressed as [f1(x), f2(x), . ..... fs(x) 1.
In each TAZ, the proportion of the j type of POI at building x can be calculated using
Formula (2):
cj/c
8j(x) =
Gi/C

@

where ¢; and ¢ represent the number of POIs of the j type and the total number of POIs
within the buffer zone of building x, respectively. C; and C represent the number of POIs of
the j type and the total number of POIs in the corresponding TAZ, respectively. The POI
proportion metric Fpyoportion for each building is expressed as [g1(x), g2(x), - - - - .- ,88(x)].

4.1.2. Graph Structure Construction

For each TAZ, we construct an undirected graph G,(Vyu, Ey, Xin), where buildings are
represented as nodes V;;, the adjacency relationships between buildings are represented
as edges E;;, and the feature matrix of the nodes in the graph is represented as X;;. The
set of graphs corresponding to all TAZs is denoted by Gs = {G1, Gy, ...... G}, where m
represents the number of TAZs containing commercial complexes.

In each G;, we determine the adjacency relationships between buildings using CDT.
Two buildings are considered spatially adjacent if they share an edge in the triangulation.
However, in practical applications, boundary adhesion between buildings can lead to
geometric anomalies. We applied a negative buffer (0.1 m) to slightly shrink the building
contours, thereby eliminating topological errors.

The descriptive feature vector F of each node is concatenated from the morphological
features Fy; and the socio-economic features Fsr of the corresponding building, as shown
in Formula (3):

F = Concatenate(Fyy, Fsg) (3)

The node feature matrix X, of graph G, is formed by stacking the feature vectors of
all the nodes within the graph, as depicted in Formula (4):

Xy = Stack([Fy,Fy...... E) 4)

where 1 is the number of nodes in G, i.e., the number of buildings in the corresponding TAZ.

4.2. Community Search Approach for Recognizing Commercial Complexes

The commercial complex recognition task based on the community search approach
aims to iteratively expand the set of commercial building nodes, also referred to as a com-
munity, denoted by Com. The expansion process begins at the seed node sy and progresses
based on spatial adjacency relationships and node features, continuing until specific stop-
ping criteria are met. Ideally, all nodes corresponding to the commercial complex will be
included in Com, while nodes representing other buildings will be excluded. Through this
process, each commercial building node is incorporated into only one community, ensuring
that overlapping community membership does not occur.

The proposed approach consists of three synergistic modules: the graph representation
learning module updates the embeddings of only a portion of nodes before each expansion,
which are then passed to the flow-based generation module and the community quality
assessment module. The goal of the flow-based generation module is to select the next node
to expand Com from its first-order neighbor. The community quality assessment module
evaluates the quality of Com by scoring the community and determines whether the search
should be stopped based on changes in the community score. The workflow of the three
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proposed modules is illustrated in Figure 5. To further demonstrate the methodology, an
example of a commercial complex search within a single TAZ is presented in this section.

Scomy-

R A A s A

= 9 lo\v-bu_scd Quality Flow-ba_scd Quality lnw-ba§ed Quality
generation assessment|| generation assessment generation assessment

°
. L L , A o %5
3 o 4 o Graph representation Graph representation »| Graph representation 3 )
° o o - . b . o o o
o H, learning Hy learning H, Hp—y learning B Dp A
°

o o o . .
- o o 1] Non-commercial complex building

S ] P! &

Seed node selection © o o k.o ° o o k.o & B & Kgo | ] Commercial complex building

|

|

°o o ° LR o o ° o ‘o ° o ° % o | & Candidate building |
% 17 Selected building :

:*sm node — Graph edge |

Figure 5. Workflow illustration of the proposed three modules.

4.2.1. Graph Representation Learning Module

The graph representation module is responsible for calculating and updating node
embeddings. Prior to the embedding calculation, node features are derived by integrating
both geometric and semantic information, as detailed in Section 4.1.1. During the commer-
cial complex search process, the neighboring nodes of the seed node s are more likely to
be part of the commercial complex. Additionally, if all the neighbors of a given node are
already included in Com, it is highly probable that the node itself will be incorporated into
Com during subsequent expansion steps. Therefore, we enhance node features by marking
whether a node is sy or belongs to the set Com. In addition, considering the potential impact
of nodes’ positions relative to the seed node sy, we also incorporate the distance between a
node and sq as part of the enhanced features. At time step ¢, the enhanced feature matrix
for nodes X; can be expressed by Formula (5):

[X,0,0,0](t = 0)

X =
t (X, seed, ecom, ,,ea] (t>0)

©)
where X denotes the original node feature matrix, seed is a binary vector indicating whether
nodes are seed node sy, ecom, , is a binary vector representing whether nodes are a part of
the set Com at time step f — 1, and ¢; denotes the Euclidean distance between the nodes
and the seed node s;.

In the community search process, each time a node is added to the set Com, the vector
ecom, , must be updated accordingly. If traditional graph neural networks are employed,
the graph representation learning module must execute t times over the entire graph,
resulting in significant computational cost. To address this issue, we employ the incremental
graph propagation network (iGPN), which is similar to SEAL [33]. The iGPN utilizes a
random walk-based PageRank (PR) propagation mechanism [45], which incrementally
updates the graph node embeddings.

When a new node is added to Com, only a small subset of the nodes” enhanced features
undergo changes. The iGPN leverages changes in the enhanced features over consecutive
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time steps AX; to compute the corresponding changes in the node embeddings AH;, as
shown in Formula (6).

iGPN(X;) = iGPN([X,0,0,0])(t = 0)
AH; = iGPN (AX) = iGPN([O, seed, ecom,, e4]) (t =1) (6)
iGPN(AX¢) =iGPN([O,0,ecom, — ecom, ,,0])(t >1)

where O, 0 represent the zero matrix and zero vector, respectively. As can be seen from the
formula, when t = 0, the iGPN calculates the initial embeddings for all nodes based on their
initial enhanced features. At subsequent time steps, the iGPN updates the embeddings of
the affected nodes based on changes in their enhanced features, rather than recalculating
the embeddings for all nodes. In other words, the current node embeddings H;(t > 0) are
decomposed into two components: the previous time step’s node embeddings H;_1 and
the computed change in node embeddings AH;, expressed as Hy = H;_1 + AH;.
The computation process of the I-th layer of the iGPN is described by Formula (7):

H = sAH" + (1-5)H" @)

where Ht(l) represents the node embedding matrix of the I-th iGPN at time step f; when
t=0, Ht(o) = X;, and when ¢ > 0, Ht(o) = AX;. A denotes the symmetrically normalized
adjacency matrix, and ¢ is the damping factor that controls the contribution of neighboring
node features to the current node’s features. The term (1 — 5)Ht(0) serves as a residual
component, aimed at retaining a certain proportion of the original embeddings at each
node after propagation.

At time step t, only the nodes that belong to the current community, denoted by
Com;_q, along with the first-order neighboring nodes of this community, denoted by
Nei;_1, need to be considered in the subsequent process. For ease of explanation, we merge

these two sets into Com;_1. Given that the computation process of the iGPN does not
require learnable parameters, we then employ an MLP to compute the final embeddings of

the nodes in the set Com;_1, as shown in Formula (8):

H, (Cgmt_1> — MLP(H;(Corm,_1, Nei;_1)) ®)

where H; represents the updated node embeddings at time step t.

4.2.2. Flow-Based Generation Module

The flow-based generation module is designed to support node selection in com-
munity generation by leveraging the embeddings of the current community’s first-order
neighboring nodes, along with its own embedding, as shown in Figure 6. The community
embedding is calculated by averaging the embeddings of all nodes within the community.
Its formulation at time step t is given by Formula (9):

hcom, , = MEAN (Ht(Comt1)> 9)

We consider the nodes in Nei;_; as candidate nodes for community generation at
time step t. We concatenate the embedding of each candidate node u € Nei;_; with the
community embedding, as described in Formula (10), to obtain the enhanced embedding
fi(u) of the candidate node. Finally, the enhanced embeddings of all candidate nodes are
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stacked, as shown in Formula (11), to form H;(Nei;,_1), which serves as the input to the
flow-based generation module.

~

y(u) = Concatenate(ht(u),h(;omt1) (10)

Ay (Neiy_1) = Stuck([izt(ul),flt(uz), o by (u,H)) (11)

where [;_; represents the number of nodes in Nei;_1.
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Figure 6. Illustration of flow-based generation process.

The flow-based generation module utilizes a reversible transformation fy to map a
simple probability distribution (e.g., a standard normal distribution) into a more complex
probability distribution, which enables a more accurate assessment of the likelihood of
candidate nodes joining the community. To achieve this, k distinct MLPs are used to
learn the parameters 0 required for translation transformation and scaling transformation
(i.e., the mean y! and the standard deviation ¢}, respectively), as presented in Formula (12).
To ensure that the input dimension of the MLP remains consistent across different time
steps, we introduce a hyperparameter to control the maximum number of neighboring
nodes. If the actual number of neighbors is smaller than this threshold, zero padding is
applied to H;(Nei;_1). Conversely, if it exceeds the threshold, a fixed number of neighbors
is randomly selected as candidate nodes, and their embeddings are used as the MLP input.
The i-th (1 < i < k) transformation is defined by Formula (13):

pi,al = MLP'(H;(Nei;_1)) (12)
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=008+ (13)
where ¢ represents a vector whose dimension corresponds to the number of candidate
nodes. The initial vector €? is randomly sampled from a standard normal distribution,
ie, & ~ N(0,1). ® denotes element-wise multiplication. After k transformations, the
mapping relationship between the probability density function of the transformed sample

z(sf) and the original sample () can be expressed by Formula (14):

Pe(e) = Pa(fo(e) - der 5L

k.
= Pz(z) -] Tt (14)

where Pr(-) represents the probability density function of the sample ¢, which follows
a standard normal distribution; Pz(-) denotes the probability density function of the
transformed sample z = fy(e) under a complex distribution; and ‘det% represents the
Jacobian determinant of the transformation fy, which accounts for the change in probability
density induced by the transformation. Finally, based on the probability distribution
function Pz(-), the candidate node with the highest probability ug,,.; is added to the

community, as shown in Formula (15):

Uselect = argmax(PZ (Z)) (15)
ueNei;_q

4.2.3. Community Quality Assessment Module

The community quality assessment module is designed to evaluate the quality of
the community, thereby guiding the search for the commercial complex and determining
when to terminate the search process. The community embedding is used to compute the
quality score scop, , of the community Com;_1, as shown in Formula (16), where scoy, , is
constrained to the range [0, 1], with a higher score indicating better community quality.

Scomy_; = {1 +exp (MLPS (ECMH)H (16)

The community quality assessment module not only depends on the current commu-
nity’s score to decide whether to stop the search, but also considers the trend of changes in
the scores of multiple recently generated communities. Therefore, we construct a sliding
window of fixed size m;, enabling a more stable termination strategy, as illustrated in
Figure 7. Specifically, every time a node is added to the community, the corresponding
quality score of the community is recalculated and incorporated into the sliding window,
with the oldest score being removed. As a result, the sliding window always contains
the scores of the most recent m; communities, denoted by {sc,p,, SComy_q7 "+ 7 SCom; g 41 ) If
the community’s score sc,y,, falls below the minimum score within the sliding window at
step t—that is, scom, < min{scgmtfl, ce e s SCOMy_ i1 }‘ it signifies a decline in community
quality, prompting the termination of the search process. Ultimately, the community with
the highest score within the sliding window is selected as the final search result.
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Figure 7. The workflow of the community score and its usage in the termination decision.

4.3. Model Training

In each TAZ, we annotated the buildings corresponding to the commercial complexes,
resulting in a set of annotated samples. A certain proportion of these annotated samples
were randomly selected to construct the training dataset.

Since the selected node must be a first-order neighbor of the current community
Com;_1 at time step ¢, we reordered the annotated building nodes to determine the sequence
of node selection. Specifically, for each annotated sample, we randomly selected a building
as the seed node sy. Starting from this seed node, we performed a breadth-first search
(BFS) to construct a series of snapshots of the generation process, as shown in Formula (17),
which were used as training samples.

{Comqg = {sgo}, Comy = {sp,v1},...... ,Comp = {sg,v1,...,07}} (17)

where Comt denotes the set of nodes within the community at time step T, and s¢, vy, ..., 0T
are nodes ordered by the BFS. By selecting different seed nodes sy, multiple distinct training
samples can be generated from each annotated sample.

During the training process, the flow-based generation module begins by computing
the reversible transformation parameters  based on the embeddings of the candidate
nodes Ht(N ei;_1), as described in Formula (12). Then, the inverse transformation fo lis
applied, and the i-th (1 < i < k) inverse transformation is defined by Formula (18):

: N
el = (gg - y;) ©—(1<i<k (18)
t

where ¢¥ represents a one-hot vector in which the value corresponding to the selected
node is 1, while the values for all other candidate nodes are 0. The inverse transformation

aims to map the samples z (s’f) from the complex distribution back to the standard normal

distribution samples ¢(e?), as shown in Formula (19):

Py(z) = Pr (fe_l(z))- detafeT() - (19)
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The loss function of the flow-based generation module is constructed with the objective
of maximizing the log-likelihood of the probability distribution, as shown in Formula (20):

k .
Lossg = log(Pg(e)) — ) log(af) (20)
i=1

For the community quality assessment module, we pair adjacent snapshots to form
positive sample pairs R, as described in Formula (21), to facilitate model training. During the
training process, the community quality should improve progressively; thatis, scom, > Scom; ,:

Ry = (Comy, Comy), (Comy, Coms), ..., (Comr_q, Comy) (21)

To further enhance the ability of the community quality assessment module to dif-
ferentiate between high-quality and low-quality communities, we introduce negative
sample pairs Ry, as shown in Formula (22). Specifically, we randomly select a node u; in
Neir and add it to Comr, thereby generating a negative sample community, denoted by
ComNegi = u; U Comr. During training, we enforce the condition that the quality of the
negative sample community must be lower than that of the current community; that is,

SComNegl. < SComr-

Ry = (ComT, ComNeg]),. ey (ComT, ComNegi) (22)

We construct a squared pair ranking loss function, which effectively guides the commu-
nity quality assessment module to learn community scores by simultaneously optimizing
both positive and negative sample pairs. The loss function is defined by Formula (23),
where m is a hyperparameter that the score difference between two adjacent communities
must exceed.

2 1
Losss = max (0, ((SCom,» —Scom;, +1)"— (1 —m) ))
(Com;,Com;1)€RpURN

(23)

Finally, the total loss of the model Loss is obtained by summing Lossg and Losss in
Formula (24), which serves as the optimization objective.

Loss = Lossg + Losss (24)

5. Experimental Results and Discussion
5.1. Evaluation Indicators

To assess the quality of community search outcomes, appropriate metrics are needed
to measure the similarity between the recognized and true communities. In this study, we
employed the F1 score, normalized mutual information (NMI), and Jaccard scores as the
evaluation metrics. The F1 score is computed using Formula (25):

2x TP

F1 =
2xTP+FP+FN

(25)

where TP refers to the number of correctly recognized positive instances, FP to the number
of incorrectly recognized positive instances, and FN to the number of incorrectly recognized
negative instances.
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NMI measures the consistency between the recognition results and the ground truth,
with values ranging from 0 to 1, where a higher score indicates greater similarity. Based on
the true and recognized labels com, and com,, NMI is defined by Formula (26):

NMI ) = 2 x I(comy, comy) 26)
(comy, comp) = H(com,) + H(com,)

where H(com,) and H(comp) denote the entropy of com, and com,, respectively. The defini-
tion of I(com,, comy) is presented in Formula (27):

|com| |comp| p(comy;, comp].)
I(r,p) = comy;, com, . )lo (27)
(r,p) 1221 ]; p(comy, cony,) gz(womri)p(wmm)

where p(comri,comp].) denotes the probability that a randomly chosen sample is simulta-
neously assigned to both com;; and comp;, and p(com,;) is the probability that a selected
sample belongs to com,;.

The Jaccard score is a widely used metric for evaluating the similarity between two sets
and is determined by computing the ratio of their intersection to their union. It is formulated

as follows:

_ |com, ncomy|

Jaccard (comy, com,) (28)

N |com, U comy|

where |-| represents the number of elements in a set.

5.2. Experimental Settings

The experimental dataset (100 samples) was partitioned through random sampling,
allocating 70% for training and 30% for testing purposes. The model was optimized using
the Adam optimizer, with a learning rate of 1 x 10~%, 300 training epochs, and a batch size
of 3, ensuring effective training. The seed node selection method for testing was as follows:
Within each TAZ, we first constructed a normalized 100 m x 100 m grid and computed
Gaussian kernel density distributions for two types of POIs, Commercial Services and
Food & Beverages, as depicted in Figure 8a,b, respectively. These distributions were then
fused using a geometric mean, and the peak coordinate of the resulting density field was
identified. The building corresponding to the peak coordinate was designated as the seed
node sy for community search, as shown in Figure 8c.

10

05

0.0

Commercial Non-commercial
complex building complex building

» Commercial Service ® Food & Beverages % Seednode [ |

Figure 8. Illustration of the seed node selection method: (a) the KDE of Commercial Service POls;
(b) the KDE of Food & Beverages POlIs; (c) seed node selection based on the geometric mean of both.

This section further details the hyperparameter tuning process, which was conducted
using five-fold cross-validation on the training set. The final reported results represent the
average performance over five experimental runs. First, the sliding window size m; defines
the number of time steps considered for evaluating community quality. Smaller windows
increase sensitivity to community score changes, potentially halting searches prematurely
and missing nodes, whereas larger windows may dilute distinctions, erroneously incorpo-
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rating extraneous nodes. Thus, we evaluated sizes {2, 3, 4, 5}, with all metrics peaking at 3,
as shown in Figure 9a, leading to its adoption.
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Figure 9. Model performance with different hyperparameters: (a) model performance with different
numbers of transformations; (b) model performance with different sliding window sizes.

Second, the number of transformations k significantly impacts model performance: an
excessively large k may lead to overfitting, causing the model to capture excessive noise and
reducing its generalization ability, while an overly small k may limit the model’s capacity
to effectively learn and represent the selection probabilities of candidate nodes, resulting
in suboptimal performance. We evaluated model performance with k set to {3, 4, 5, 6}.
The model’s performance metrics initially increased and then declined, achieving the best
performance at k = 3, as shown in Figure 9b, which was therefore adopted.

Further, all MLPs in the model adopted a uniform four-layer structure, with only the
input layer varying in dimension, and the three subsequent layers were fixed at 64, 128,
and 64 units. To ensure consistent input dimensions for the flow-based generation module,
the maximum number of neighboring nodes was set to 10.

5.3. Results of Commercial Complex Recognition

The experiments were conducted following the settings described in Section 5.2, and
the results are illustrated in Figure 10. The proposed method demonstrates satisfactory
recognition performance for commercial complexes located both in central urban TAZs and
in suburban TAZs, as shown in Figure 10b,d,f. This indicates that the model exhibits strong
generalization capabilities across varying spatial distributions and geographic contexts.
However, as shown in Figure 10c,e, the recognition performance in certain TAZs remains
limited, with instances of both missed and false detections. A possible explanation for this
limitation lies in the increased complexity of semantic features and the contextual informa-
tion associated with commercial buildings in these areas, which makes it challenging for
the model to effectively capture their high-level feature representations.

To systematically examine the stability and robustness of the model under varying
training data conditions, we trained the model using different proportions of the full
training dataset, which consisted of 70 samples. The training sample size was progres-
sively increased from 20% to 100% in increments of 20%. As illustrated in Table 3, the
model’s performance exhibits a positive correlation with the number of training samples,
demonstrating consistent improvement as the sample size grows. When trained on the full
training dataset, the model achieved evaluation scores exceeding 0.73 across all metrics.
Moreover, even when trained with only 20% of the training dataset (20 samples), the model
attained an F1 score of 0.7048, highlighting its ability to maintain satisfactory performance
despite the limited training data.



ISPRS Int. ]. Geo-Inf. 2025, 14, 213

18 of 24

===

0.4 1 results in TAZs o e—

B FI Score for search - 0 5 10 km i ggg;ﬂ = w&-ﬂ i

[ | Non-commercial complex buildings :l Non-commercial complex buildings (Incorrect identification)

[:] Commercial complex buildings (Correct identification) |:| Commercial complex buildings (Incorrect identification)

Figure 10. Recognition results of commercial complexes: (a) F1 scores for recognition results in each
TAZ on the overall test dataset; (b—g) recognition results within individual TAZs.

Table 3. Model performance with varying training sample sizes.

Proportion of Training Samples
Metric P 8 P

20% 40% 60% 80% 100%

F1 0.7048 0.7802 0.8070 0.8122 0.8294
NMI 0.5805 0.6534 0.7096 0.7240 0.7356
Jaccard 0.6134 0.7030 0.7243 0.7496 0.7606

To gain a deeper understanding of the model’s recognition results and assess the
causes of misidentification, we visualized the outcomes for a portion of the testing sam-
ples. As shown in Figure 11, in cases A and B, the model’s recognition results are in
perfect agreement with the ground truth. Despite the presence of numerous related POIs
(i.e., Commercial Services and Food & Beverages) in nearby buildings, the model was
able to accurately halt its community expansion, avoiding the incorrect inclusion of these
buildings. This suggests that the model also takes into account factors such as building
morphology and the spatial distance between buildings in its community search process.
In contrast, cases C and D present instances where the model’s recognition results deviate
from the ground truth. In case C, over-recognition is observed, with a building (marked by
red circles) that contains a significant number of related POIs being wrongly recognized
as part of the commercial complex. In reality, the building is residential, with retail stores
located on the ground floor, which introduces ambiguity and affects the recognition result.
Case D illustrates under-recognition, where certain buildings (marked by red circles) in
commercial complexes lacked POIs and exhibited inconspicuous morphological features,
resulting in their failure to be recognized by the model.
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Figure 11. Results of commercial complex recognition in four cases using the proposed approach.

5.4. Comparison of Model Performance

In this section, we compare the performance of our proposed model against three
benchmarks. As far as we are aware, no prior research has applied community search
methods to the recognition of building group patterns. Therefore, we adopted alternative
building group recognition methods as benchmarks, including machine learning methods
such as random forest (RF), deep learning models such as feedforward neural network
(FNN), and GraphSAmple and aggreGatE (GraphSAGE). For RF and FNN, recognition
relied exclusively on a building’s inherent attributes, whereas GraphSAGE incorporated
spatial adjacency relationships by leveraging graph-based representations. Moreover, for
each benchmark, we conducted systematic hyperparameter tuning to achieve the best
model performance.

The comparative evaluation, as detailed in Table 4, reveals our approach’s consistent
superiority across all metrics. Notably, it achieves a 5.43% F1 score improvement over the
second-best performer, with comparable advantages in NMI (+3.72%) and the Jaccard score
(+4.08%). Notably, the 0.7606 Jaccard score signifies a high degree of boundary precision.
Furthermore, the experimental results reveal the significant impact of graph-based learning
on building group recognition. Specifically, the graph-based benchmark (i.e., GraphSAGE)
demonstrated 6-19% performance gains over non-graph methods (i.e., RF and FNN).
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Table 4. Experimental performance comparison of the proposed approach and three alternative methods.

Model F1 NMI Jaccard
RF 0.6516 0.5732 0.5690
FNN 0.7118 0.6281 0.6395
GraphSAGE 0.7559 0.6754 0.6394
Ours 0.8294 0.7356 0.7606

Figure 12 provides a comparative analysis of the recognition results in three repre-
sentative TAZs, further illustrating the performance of our proposed approach against
the benchmarks. In all cases, our approach demonstrates superior accuracy, achieving
complete consistency with the ground truth. Among the benchmarks, RF and FNN ex-
hibit the weakest performance, likely due to their reliance solely on individual building
attributes while neglecting contextual information. Consequently, small buildings that are
genuinely part of a commercial complex but lack commercial POIs are often overlooked.
Conversely, some buildings that contain commercial POIs but do not belong to a complex
are mistakenly classified as part of one.

Case A Case B

POIs

Ground truth |

RF

MLP

GraphSAGE

Our approach

® Accommodation Service ® Food & Beverages  Daily Life Service ® Communal Facility Service

® Transportation Service ® Commercial Service ® Enterprises @ Science/Culture & Education Service

Figure 12. A comparison of the recognition results of the benchmarks and our approach in three
representative cases.
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GraphSAGE mitigates this limitation by integrating spatial adjacency information,
leading to notable performance improvements. However, despite achieving the second-
best performance, GraphSAGE still exhibits a substantial number of misrecognitions. A
key factor contributing to this issue is excessive neighbor influence, where buildings
surrounded by buildings with few or irrelevant POlIs fail to be recognized as part of a
commercial complex. This is particularly evident in cases B and C for GraphSAGE, where
several buildings belonging to a commercial complex were incorrectly excluded due to
being surrounded by buildings with limited POls.

5.5. Discussion

This research presents an advanced community search approach that offers a valuable
contribution to both building group recognition and the broader domain of GeoAl. The
approach is particularly effective in tasks that require extracting semantically meaningful
and tightly connected subsets from a larger entity group while concurrently accounting for
both spatial proximity and intricate entity attributes. The effectiveness of our approach can
be attributed to three key strengths.

First, our approach employs an iterative generation mechanism starting from a seed
node, which has proven to be both methodologically sound and practically effective,
particularly in cases where entity attributes exhibit high complexity. For example, buildings
with abundant POIs but dispersed across the TAZ, making it evident that they do not form
a single commercial complex. Nonetheless, conventional methods such as RF and MLP
fail to account for this spatial distribution pattern, erroneously grouping these buildings
together, as depicted in cases A and C in Figure 12. In contrast, our approach incrementally
extends the community from a seed node, thereby ensuring precise boundary delineation
and mitigating misrecognition errors.

Second, buildings within commercial complexes often share similar morphological
and functional characteristics, including expansive floor areas, low heights, and a high
density of related POIs. Even if a particular building lacks these traits, its proximity to such
structures strongly implies its inclusion in the complex. This contextual dependency aligns
well with GNN models, which effectively capture such relational structures. Additionally,
the iGPN in our approach solely updates the embeddings of modified nodes and their
immediate neighbors, significantly improving efficiency in large-scale graph processing
and ensuring broader applicability to similar tasks.

Third, we continuously evaluate community quality throughout the iterative gen-
eration process and determine whether to terminate the search based on its variations
in community quality. This strategy ensures that the community remains cohesive and
semantically meaningful while preventing unnecessary expansion. Unlike traditional
methods that rely on arbitrary thresholds, our adaptive stopping mechanism dynamically
determines the optimal point at which the community should cease growing. This not only
enhances the accuracy of building group recognition but also minimizes over-expansion
errors, which often lead to the inclusion of irrelevant buildings.

Despite the effectiveness of our proposed approach, several limitations should be
acknowledged. Firstly, at the data level, POI data may suffer from positional inaccuracies
caused by GPS errors, uneven completeness across regions, and temporal inconsistencies
due to outdated or infrequently updated records. These issues may influence the accuracy
of the socio-economic features. In addition, the current approach does not sufficiently
integrate broader contextual information. Incorporating elements such as road networks
and hydrological systems could offer valuable insights into the physical segmentation of
building groups, potentially enhancing the quality and accuracy of recognition results.
Secondly, within the community quality assessment module, we employed a method
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that averages the embeddings of all nodes within a community to derive the commu-
nity embedding. While this approach demonstrates a certain degree of rationality and
computational efficiency, it may oversimplify the complex relationships and hierarchical
structures within the community. Alternative strategies, such as weighted aggregation
based on node centrality or the incorporation of attention mechanisms, could potentially
yield more nuanced and representative community embeddings. Lastly, while the iterative
generation mechanism and adaptive stopping criterion have proven effective, they may
still be susceptible to local optima, particularly in highly complex and heterogeneous
urban environments. Future work could explore the integration of global optimization
techniques or multi-objective optimization frameworks to further enhance the robustness
and generalizability of the approach.

6. Conclusions

In this study, we proposed a flow-based community search approach for the recog-
nition of building groups. It integrates both morphological and functional attributes of
buildings, along with their spatial interdependencies, by constructing a graph structure
using CDT. The approach consists of three interconnected modules—namely, a graph repre-
sentation learning module, a flow-based community generation module, and a community
quality assessment module—ensuring efficient feature computation, iterative community
generation, and adaptive termination based on community quality changes. In commer-
cial complex recognition experiments, the proposed approach consistently outperforms
the benchmarks, achieving an F1 score improvement of more than 5.4% over the second-
best method. Notably, the model maintains high performance even when trained on a
limited dataset, further underscoring its robustness. These results affirm the effective-
ness and reliability of the approach in recognizing functionally cohesive building groups,
with significant implications for urban planning, commercial facility management, and
policy-making. Future improvements should focus on addressing spatial heterogeneity and
enhancing cross-city adaptability, which could extend the model’s applicability to varied
urban environments across different regions.
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