
ISPRS Journal of Photogrammetry and Remote Sensing 234 (2026) 185–204 

0
o

 

Contents lists available at ScienceDirect

ISPRS Journal of Photogrammetry and Remote Sensing

journal homepage: www.elsevier.com/locate/isprsjprs  

Heterogeneous graph neural networks for building attribute prediction from 

hierarchical urban features and cross-view imagery
Xiucheng Liang a, Winston Yap a, Filip Biljecki a,b ,∗

a Department of Architecture, National University of Singapore, Singapore
b Department of Real Estate, National University of Singapore, Singapore

A R T I C L E  I N F O

Keywords:
Building semantics
Building function
Volunteered geographic information
Crowdsourced data
Multi-modal

 A B S T R A C T

Data on building properties are essential for a variety of urban applications, yet such information remains 
scarce in many parts of the world. Recent efforts have leveraged instruments such as machine learning (ML), 
computer vision (CV), and graph neural networks (GNNs) to assess these properties at scale by leveraging 
urban features or visual information. However, extracting holistic representations to infer building attributes 
from multi-modal data across multiple spatial scales and vertical building characteristics remains a significant 
challenge. To bridge this gap, we present a innovative framework, that captures both hierarchical urban 
features and cross-view visual information through a heterogeneous graph. First, we construct a heterogeneous 
graph that incorporates multi-dimensional urban elements — buildings, streets, intersections, and urban plots 
— to comprehensively represent multi-scale geospatial features. Second, we automatically crop images of 
individual buildings from both very high-resolution satellite and street-level imagery, and introduce feature 
propagation on semantic similarity graphs to supplement missing facade information. Third, feature fusion 
is applied to integrate both morphological and visual features, with holistic representations generated for 
building attribute prediction. Systematic experiments across three global cities demonstrate that our method 
outperforms existing CV, ML, and homogeneous GNN-based models, achieving classification accuracies of 
86% to 96% across 10 to 12 distinct building types, with mean F1 scores ranging from 0.70 to 0.73. 
The framework demonstrates robustness to class imbalance and produces more distinctive embeddings for 
ambiguous categories. In additional task of inferring building age, the method delivers similarly strong 
performance. This framework advances scalable approaches for filling gaps in building attribute data and 
offers new insights into modeling holistic urban environments. Our dataset and code are available openly at: 
https://github.com/seshing/HeteroGNN-building-attribute-prediction.
1. Introduction

Buildings are the dominant components of the urban environment. 
They define the form of cities and play a crucial role in shaping 
their social, environmental, and economic qualities and sustainabil-
ity (Biljecki et al., 2021). Attributes such as building type, age, and 
number of floors are therefore central to a wide range of applica-
tions, including energy modeling (Kumar et al., 2018; Roth et al., 
2020), climate adaptation (Creutzig et al., 2019), and disaster impact 
assessments (Westrope et al., 2014). Despite their importance, reliable 
information on buildings is often scarce, fragmented, or inconsistent 
across cities (Biljecki et al., 2023; Lei et al., 2023; Herfort et al., 
2023). Many regions lack detailed records, and global coverage of 
open datasets remains limited. Closing these data gaps would enable 
more comprehensive and openly accessible geospatial resources, which 
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would not only facilitate downstream applications, but also support 
nuanced analyses of population distribution (Schug et al., 2021), socio-
economic conditions (Feldmeyer et al., 2020), and urban resilience and 
sustainability (Elmqvist et al., 2019).

In recent years, machine learning has emerged as a promising tool 
to enrich building datasets, with two main streams of data modalities 
widely explored. The first relies on urban features, such as descriptors 
of geometry, topology, and context that capture how buildings are 
situated in the built environment (Lu et al., 2014; Wurm et al., 2016; 
Tooke et al., 2014; Biljecki and Sindram, 2017; Rosser et al., 2019; 
Nachtigall et al., 2023). Such features offer interpretable signals and 
can be computed directly from geospatial data. The second stream 
leverages visual information from imagery based on computer vision 
models. Remote sensing data, particularly very high-resolution (VHR) 
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satellite images, provide wide coverage and increasingly fine detail to 
estimate height (Wu et al., 2023; Frantz et al., 2021; Florio et al., 
2025; Zhu et al., 2025), or classify roof structure (Zhao et al., 2022) 
and building functions (He et al., 2024). Street view imagery (SVI), in 
contrast, offers a pedestrian perspective and captures facade-level cues, 
enabling inference of attributes like use type, architectural style, and 
materials (Kang et al., 2018; Zhao et al., 2021; Lindenthal and Johnson, 
2025; Ramalingam and Kumar, 2023; Li et al., 2025c).

More recently, graph-based methods that model the spatial and 
relational structure of cities has gained momentum. Unlike traditional 
approaches that treat buildings as independent samples, graph neural 
networks (GNNs) operate on networks of buildings, streets or different 
spatial units, capturing the dependencies and interactions across ob-
jects (Liu and Biljecki, 2022; Zhu and Ma, 2025). It offers a principled 
way to account for objects’ relations and have shown promise in pre-
dicting missing attributes by propagating information across connected 
entities (Yan et al., 2019; Zhang et al., 2023; Lei et al., 2024; Wang 
et al., 2024; Yap et al., 2025; Wang et al., 2025). They extend beyond 
local features and allow urban structure itself to become a source of 
predictive power.

Despite progress across these streams, several challenges remain. 
First, many methods still reduce information to a single, building-level 
representation, overlooking the hierarchical nature of urban systems 
and limiting the ability to capture cross-scale context. Second, while 
both urban features and visual cues have been studied extensively, 
relatively few frameworks systematically integrate them. Recent work 
has combined building features with satellite imagery (Wang et al., 
2024; Yap et al., 2025), but street-level information — despite its clear 
potential to capture vertical details — remains largely unexplored at 
scale. Third, street-level data coverage is uneven that may be missing or 
partially obstructed (Hou and Biljecki, 2022), which poses constraints 
when applied to research at the urban scale. These gaps highlight 
the need for methods that can model urban hierarchies, fuse multiple 
modalities, and handle incomplete visual information.

To address these challenges, we propose a hierarchical, multi-modal 
graph neural network framework for predicting building attributes. 
First, our approach begins by constructing a heterogeneous urban 
graph that represents buildings, streets, intersections, and urban plots, 
and encodes with their morphological, topological, functional, socio-
demographic, and environmental features. We then embed these urban 
features into a semantic space using a graph encoder to build a se-
mantic similarity graph, capturing potentially similar structures in 
urban environment. In parallel, we extract visual features from VHR 
satellite imagery and street-level imagery, bringing together comple-
mentary top–down and facade perspectives. To overcome incomplete 
coverage of street-level images, we propagate facade features across 
similar nodes in the semantic similarity graph, ensuring that vertical 
cues are available even where images are missing. Finally, feature 
fusion is conducted to integrate these multi-modal embeddings within a 
heterogeneous GNN that performs relation-aware message passing and 
outputs predictions for target building attributes.

The primary contributions of this work are threefold:

• We introduce an innovative framework that models the urban en-
vironment as a heterogeneous graph, capturing hierarchical rela-
tions between buildings and their surrounding elements. This ap-
proach outperforms traditional homogeneous graph frameworks 
that aggregate features only at the building level.

• We propose a systematic method to integrate urban features with 
both satellite and street-level imagery, supplemented by feature 
propagation to address incomplete coverage. With this design, 
our model demonstrates robust and balanced performance in 
predicting building use types, compared to conventional machine 
learning approaches and computer vision approach that primarily 
rely on single modality.
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• We validate our approach across multiple global cities and addi-
tional building attribute, showing that visual cues substantially 
enhance building attribute prediction and that our method re-
mains robust across contexts and tasks. By combining the inter-
pretability of urban indicators, the richness of cross-view imagery, 
and the relational power of GNNs, our work advances scalable 
approaches for enriching building databases and creates new 
opportunities for urban analytics in data-scarce environments.

2. Related work

2.1. Predicting building attributes

Acquiring information on buildings, such as usage, construction pe-
riod, and number of storeys, plays a crucial role across various domains 
in urban research, including energy modeling (Kumar et al., 2018; Xu 
et al., 2019; Roth et al., 2020), disaster risk management (Westrope 
et al., 2014), and environmental planning (Creutzig et al., 2019). Over 
the past decade, a wide range of studies has focused on inferring these 
attributes by leveraging morphological features and visual information 
as key data sources in analytical frameworks.

Urban features. Early studies demonstrated that descriptors of the 
built form carry substantial predictive power. These indicators typically 
include geometric properties, such as area, compactness, elongation, 
or perimeter complexity, as well as contextual urban metrics like 
block density or spatial configuration. Such features offer indirect yet 
interpretable proxies for inferring building characteristics like building 
type (Lu et al., 2014; Wurm et al., 2016) and age (Tooke et al., 2014; 
Biljecki and Sindram, 2017; Rosser et al., 2019; Nachtigall et al., 2023). 
For example, Wurm et al. (2016) use a linear discriminant analysis 
framework to classify building types by analyzing the discriminatory 
power of a set of 1D (e.g., length), 2D (e.g., area), and 3D (e.g., volume) 
shape-based features derived from digital building models. More re-
cently, Milojevic-Dupont et al. (2020) broadened this idea by compiling 
152 urban-form metrics that incorporate interactions between build-
ings, streets, and urban blocks, thereby capturing multi-scale effects 
that single-building predictors miss. Nachtigall et al. (2023) further 
leverage this framework to infer age for buildings constructed after 
1900 by developing 119 feature metrics. Furthermore, Biljecki et al. 
(2017) demonstrate that adding census features (e.g., average house-
hold size) on top of morphological identities enhances the prediction 
of building height. These studies laid the groundwork for attributing 
buildings by urban morphological features and urban context without 
visual information.

Visual information. The proliferation of high-resolution imagery and 
advances in deep learning have enabled the extraction of visual seman-
tics for building classification. Two principal image sources dominate 
this space: remote sensing and street-level imagery.

Remote sensing imagery, with its broad coverage and ever-
improving resolution, enables large-scale characterization of urban 
morphology and land cover (Li et al., 2022a). Aerial and satellite 
data are now routinely used to extract building attributes, including 
height (Frantz et al., 2021; Wu et al., 2023; Zhu et al., 2025) and 
functional class (Du et al., 2015; Zhao et al., 2019; Florio et al., 2025). 
Specifically, Du et al. (2015) use VHR imagery and GIS data to classify 
urban buildings into seven semantic categories. They achieve this by 
integrating a two-level segmentation mechanism to obtain spectral, 
texture, geometric, and distribution features with improved Random 
Forest classifier. A recent work by He et al. (2024) introduces a super 
resolution method to enhance satellite imagery for the fine-grained 
classification of 11 different building types in districts in Hong Kong.

While satellite views offer top–down observations, they inherently 
lack vertical detail of building facades. To overcome this limitation, 
recent efforts have focused on utilizing street-level imagery, which 
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provides a pedestrian-scale view of urban environments (Biljecki and 
Ito, 2021). SVI has shown promise in inferring building typology (Kang 
et al., 2018), materials (Ghione et al., 2022; Raghu et al., 2023), and 
facade style (Lindenthal and Johnson, 2025; Sun et al., 2022; Ogawa 
et al., 2023) from direct observation. For instance, CNN-based classi-
fiers have been trained to distinguish buildings across architectural pe-
riods (Sun et al., 2022) and to categorize usage types (e.g., apartment, 
office, or retail) (Kang et al., 2018) through visual cues embedded in 
facades.

Despite the demonstrated effectiveness of morphological and image-
based methods, urban environments are inherently complex, with di-
verse spatial structures and irregular patterns that challenge traditional 
methods. Buildings do not exist in isolation. They are embedded within 
a spatial network of streets, plots, and surrounding urban elements 
(e.g., vegetation, infrastructure). Capturing these interdependencies 
is critical for nuanced understanding and robust inference of their 
characteristics, yet remains underexplored in many attribute inference 
frameworks.

2.2. Graph neural network in urban modeling

Graph neural networks (GNNs) have emerged as a powerful class 
of models capable for addressing the spatial complexity of urban sys-
tems (Liu and Biljecki, 2022). By operating on graph-structured data, 
GNNs can incorporate both node-level features (e.g., individual build-
ing characteristics) and the relational structure of the urban fabric 
(e.g., street connectivity, proximity to amenities). This makes them 
particularly suited for urban modeling tasks where spatial interactions 
matter. Recent studies have demonstrated the potential of GNNs in 
predicting urban characteristics by leveraging both topological context 
and feature propagation across spatial entities (Yan et al., 2019; Liu and 
Biljecki, 2022; Zhang et al., 2023; Wang et al., 2025; Liu et al., 2025a). 
For instance, by formalizing urban places as nodes and their spatial 
relationships as edges in a graph, Zhu et al. (2020) use embedded urban 
visual features from SVI to predict place characteristics in Beijing, 
and De Sabbata and Liu (2023) leverage census variables to infer 
geodemographic classifications in Greater London. Another application 
developed by Zhang et al. (2023) embeds street scene descriptions as 
node features and combines them with road network topology in a GNN 
to predict urban functions. This two-layer GNN approach effectively 
captures both semantic content and spatial dependencies using minimal 
labeled data. GNNs provide a compelling pathway toward more holistic 
and spatially-aware urban analytical frameworks.

For building-related research, GNNs have also been increasingly 
adopted to model spatial relationships (Xu et al., 2022). For exam-
ple, Yan et al. (2019) model building groups as graphs by using 
building-level geometric and semantic indices as node features to learn 
spatial patterns. Tested on large datasets from Guangzhou and Shang-
hai, the method effectively classifies regular and irregular building 
patterns, outperforming traditional machine learning methods. Simi-
larly, Lei et al. (2024) construct building graphs and apply GraphSAGE 
to infer missing attributes such as building storeys and type from 
surrounding OpenStreetMap (OSM) objects (e.g., points of interest, 
transport facilities). Moving beyond contextual urban features, Kong 
et al. (2024) incorporate visual features from SVI (e.g., building view 
index, sky view factor) and spectral features (i.e., the mean and stan-
dard deviation of red-band pixel values within each building) to classify 
buildings into seven functional categories in Shenzhen. Recent work 
by Wang et al. (2024) proposes a multi-view GNN framework that 
captures multi-scale spatial relations and integrates topological context 
with top–down visual embedding from satellite imagery to estimate 
building age in Beijing. Other research also leverages the spatial de-
pendence and spatial autocorrelation of GNNs for fine-grained data 
prediction, with applications including predicting human activity in-
tensity (Wang and Zhu, 2024), downscaling Local Climate Zones (Li 
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et al., 2025b), and modeling time-series energy consumption (Hu et al., 
2022).

However, there are key challenges remain. Most existing studies 
aggregate features and model relationships at a single, building-centric 
level, which overlooks the inherently hierarchical nature of urban 
environments and limits the ability to capture holistic context and 
cross-scale interactions. Furthermore, while data sources such as SVI 
offer rich vertical visual information of buildings, integrating them 
into a city-scale GNN framework is challenging due to incomplete 
coverage, occlusions, and variable image quality. Hence, our research 
introduces a hierarchical, multi-modal GNN framework that incorpo-
rates a street-level information supplementation process to model urban 
environments and improve building attribute prediction.

3. Methodology

3.1. Urban heterogeneous graph

Urban systems exhibit complex, hierarchical structures that emerge 
from interactions, feedbacks, and scaling processes across multiple 
levels of urban form and function (Batty, 2009). To model the spatial 
relationships between buildings and their surrounding context, we 
represent the urban environment as a heterogeneous graph with four 
node types: buildings, street segments, intersections, and urban plots. 
This extends the traditional homogeneous GNN approach, where nodes 
typically represent only buildings, by incorporating additional urban 
element types and defining edges based on their spatial relationships. 
Urbanity, a network and graph based Python package developed by Yap 
et al. (2023), is leveraged to construct the urban heterogeneous graph. 
Fig.  1 illustrates the construction process, which involves three main 
stages: node generation, edge construction and data integration.

Node generation. To represent a complex urban system in graph 
space, we construct an undirected heterogeneous graph 𝐺(𝑉 ,𝐸), where 
nodes 𝑉  are generated from both building geometry and street network 
topology derived from OSM. Four distinct node types are considered: 
building nodes 𝑉𝐵 , street segment nodes 𝑉𝑆 , intersection nodes 𝑉𝐼  and 
urban plot nodes 𝑉𝑈 .

Building nodes 𝑉𝐵 represent individual building footprints and are 
generated by processing raw OSM building geometry. The prepro-
cessing pipeline first ensures topological validity by removing non-
polygonal geometries, decomposing MultiPolygons, and discarding in-
valid polygons. The geometries are locally projected to an appropriate 
planar coordinate system to enable accurate metric calculations. Build-
ings with areas smaller than a predefined threshold (30 m2 in our 
implementation) are excluded. This threshold is empirically selected to 
mitigate noise from minor polygons (e.g., sheds, temporary structures, 
or mapping artifacts) while preserving valid building footprints. The 
centroid of each retained footprint is taken as the spatial anchor point 
for the corresponding node.

Street nodes 𝑉𝑆 and intersection nodes 𝑉𝐼  represent the road seg-
ments in the OSM-derived street network. The network’s vertices and 
edges are first obtained using the pyrosm library. We then process the 
network by simplifying intermediate nodes between intersections and 
removing unconnected subgraphs and self-loops. Each street segment is 
assigned a unique identifier, and its midpoint geometry is used as the 
node location. Intersection nodes correspond to topological junctions 
in the processed network and are identified from the simplified graph 
as nodes connected to three or more street segments. Their spatial 
coordinates are taken directly from the network geometry.

Urban plot nodes 𝑉𝑈  represent contiguous land parcels enclosed by 
the street network, analogous to the enclosures or enclosed tessella-
tion cells described in morphological urban studies (Fleischmann and 
Arribas-Bel, 2022; Tang et al., 2025). By defining polygons bounded 
by physical barriers, urban plots capture the spatial structure of city 



X. Liang et al. ISPRS Journal of Photogrammetry and Remote Sensing 234 (2026) 185–204 
Fig. 1. Overall research framework for constructing the heterogeneous urban graph, including node generation, edge construction, and data integration with four 
element types (buildings, street segments, intersections, and urban plots).
blocks, which are closely linked to urban form, functions, and hu-
man activity patterns. They also provide an intermediate spatial scale 
between individual buildings and administrative boundaries, allowing 
features to be analyzed within a broader spatial context while re-
maining sufficiently granular to represent neighborhoods containing 
clusters of buildings. Here, we generate these by polygonizing the 
processed street network within the study area boundary. Specifically, 
street edges inside the buffered boundary are merged and polygonized, 
yielding contiguous land parcels. Each polygon is assigned a unique 
plot identifier and enriched with geometric attributes such as area and 
perimeter. A minimum area threshold is again applied to remove small 
samples.

Edge construction. Following the definition of the heterogeneous 
node set 𝑉 = {𝑉𝐵 , 𝑉𝑆 , 𝑉𝐼 , 𝑉𝑈 }, we construct a set of typed edges 𝐸 that 
encode spatial, morphological, and topological relationships between 
node types. All relations are modeled as bidirectional connections to 
support information exchange in both directions during graph deep 
learning.

• Building–building proximity (𝐸𝐵𝐵): Edges between building
nodes are established based on spatial proximity, connecting each 
building to its nearest neighbors within the local urban fabric. 
Here the number of nearest neighbors is set to 5.

• Building–street proximity (𝐸𝐵𝑆 ): Buildings are connected to their 
nearest street segments, representing immediate frontage or direct 
access.

• Building–plot containment (𝐸𝐵𝑃 ): Each building node is con-
nected to the urban plot polygon that contains it. This hierarchical 
link integrates building-level information with the broader spatial 
188 
context provided by the plot, allowing the model to capture 
parcel-level influences on individual buildings.

• Street-intersection incidence (𝐸𝑆𝐼 ): Street segment nodes are 
linked to intersection nodes at their endpoints, reflecting the 
topological structure of the street network.

• Street–plot adjacency (𝐸𝑆𝑃 ): Urban plots are connected to the 
street segments that form their boundaries, to capture the degree 
of exposure and accessibility of each plot to the surrounding street 
network.

• Plot–plot adjacency (𝐸𝑃𝑃 ): Urban plots that share a common 
boundary segment are connected to form a neighborhood graph. 
This relation reflects morphological adjacency between parcels, 
enabling the modeling of spatial diffusion processes and the in-
fluence of neighboring land parcels.

Data integration. Together with the graph construction process, an 
extensive set of urban indicators is computed for each node type 
based on established literature, encompassing morphological, topolog-
ical, functional, socio-demographic, and environmental characteristics 
of the urban environment. Tables  1 and 2 contain the detail breakdown 
of urban features computed to relevant nodes.

For morphological indicators, metrics are calculated and assigned to 
building nodes and urban plot nodes, including measures such as area, 
convexity, orientation, elongation, and shape indices. These metrics 
capture the geometric form and spatial configuration of buildings as 
well as the characteristics of the urban plots they occupy (Basaraner 
and Cetinkaya, 2017; Dibble et al., 2019; Yan et al., 2019; Nachtigall 
et al., 2023; Yap and Biljecki, 2023; Kong et al., 2024). For topological 
indicators, network-based measures such as degree, clustering coeffi-
cient, betweenness centrality, closeness centrality, and PageRank are 
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Table 1
Morphological and topological indicators with units and descriptions.
 Indicator Unit Description  
 Morphological (Building & Urban plot)
 Area m2 Total surface area covered by the footprint.  
 Perimeter m Total boundary length of the footprint.  
 Complexity – Degree of boundary irregularity; higher values indicate more intricate edges.  
 Circular Compactness – How closely the footprint shape approaches a perfect circle.  
 Convexity – Ratio of footprint area to its convex hull; measures concavity.  
 Rectangularity – How well the footprint fills its minimum bounding rectangle.  
 Squareness degrees Average deviation of building corners from right angles.  
 Square Compactness – Similar to compactness but benchmarked to a square.  
 Shape Index – Degree to which shape deviates from a compact form; normalized by footprint size. 
 Elongation – Ratio of the shortest to the longest side of the footprint’s bounding rectangle.  
 Orientation degrees Dominant alignment of the footprint’s longest axis.  
 Longest Axis Length m Maximum span across the footprint.  
 Fractal Dimension – Complexity of the shape boundary across scales.  
 Equivalent Rectangular Index – Fit of footprint to an equivalent rectangle in both area and perimeter.  
 No. of Corners count Count of significant directional changes along the footprint boundary.  
 Geometric/Topological (Street or Intersection)
 Street Length m Length of a street segment.  
 Degree count Number of directly connected edges at a node.  
 Clustering Coefficient – Tendency of a node’s neighbors to be connected with each other.  
 Weighted Clustering Coefficient – Clustering tendency considering connection strengths.  
 Closeness Centrality – Accessibility of a node to all others in the network.  
 Betweenness Centrality – Frequency of a node lying on shortest paths between other nodes.  
 Eigenvector Centrality – Importance of a node based on the importance of its neighbors.  
 Katz Centrality – Influence of a node considering all paths with distance-based decay.  
 PageRank – Relative importance of a node in terms of link structure and probability flow.  
Table 2
Functional, socio-demographic and environmental indicators computed as node features in this study.
 Indicator Unit Subcategories Description  
 Environmental indicators (Street)
 Street-level Features % or index Green View, Sky View, Building View, 

Road View, Visual Complexity
Proportion or index values of visible 
elements from street-level imagery, 
capturing greenery, sky openness, 
built-up surfaces, and overall visual 
diversity.

 

 Functional, socio-demographic and environmental indicators (Urban plot)
 Amenities Count count Social, Recreational, Healthcare, 

Entertainment, Civic, Institutional, Food, 
Commercial

Number of amenities within a defined 
spatial unit, categorized by their primary 
function.

 

 Population count Total population, Women, Men, Elderly 
(aged 60+), Youth (15–24), Children 
(under 5)

Demographic composition of residents, 
segmented by age group and gender.

 

 Tree Canopy Height m – Average or maximum tree canopy height 
within the area.

 

computed from the street network. These indices quantify the connec-
tivity, accessibility, and relative importance of streets or intersections 
within the urban fabric (Kirkley et al., 2018; Ozuduru et al., 2021; Xue 
et al., 2022; Prieto-Curiel et al., 2022; Boeing, 2022; Jia et al., 2019). 
For functional characteristics, amenity counts are computed for cate-
gories including social, recreational, healthcare, entertainment, civic, 
institutional, food, and commercial services based on points of interest 
(POI) from OSM. This captures the distribution and diversity of urban 
functions across the network. Population data is derived from Meta 
High Resolution Population Density dataset and includes population 
counts disaggregated by gender and age group (e.g., elderly, youth, 
children). These indicators describe the demographic composition and 
potential service needs of local communities. Lastly, environmental 
indicators are generated using data from multiple sources, including 
Google Earth Engine1 and Mapillary2 (Yap and Biljecki, 2023). 

1 https://earthengine.google.com/
2 https://www.mapillary.com
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3.2. Holistic building representation

To construct a holistic representation of each building, we inte-
grate information from multiple data modalities and spatial contexts. 
This representation encapsulates the building’s intrinsic characteristics, 
visual appearance, immediate spatial surroundings, and broader posi-
tion within the urban network. Given the limited coverage of visible 
buildings in cities (Fan et al., 2025), we introduce a similarity-graph-
based approach to propagate building features from structurally similar 
buildings, thereby mitigating data sparsity. Our approach rests on 
the assumption that semantically similar nodes are potentially exhibit 
similar visual features. Building-level urban features are first embedded 
into a homogeneous graph, where visual information extracted from 
street-level imagery can be propagated to support property prediction. 
As illustrated in Fig.  2, the process consists of four major steps: semantic 
similarity graph generation, deep visual information extraction, vertical 
feature propagation, and building attribute prediction.

Semantic similarity graph. The first step constructs a semantic sim-
ilarity graph among building nodes to capture latent relationships that 
go beyond purely geographic proximity. Following prior work that 

https://earthengine.google.com/
https://www.mapillary.com
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Fig. 2. Illustration of the process for generating holistic building representations to support building attribute prediction. Data: (c) Mapbox, (c) Mapillary 
contributors.
incorporates semantic structures in addition to spatial adjacency (Wang 
et al., 2024, 2020), we generate building representations by encoding 
urban features using the heterogeneous graph described in Section 3.1. 
Specifically, a two–layer heterogeneous GraphSAGE encoder 𝑓𝜃 (with 
mean aggregation across relations) maps multi-type urban features into 
a shared embedding space: 
ℎ𝑖 = 𝑓𝜃

(

𝑋,𝐺
)

𝑖 ∈ 𝑅𝑑 , (1)

where 𝑋 denotes the node attributes on the heterogeneous urban graph 
𝐺, and ℎ𝑖 is the 𝑑-dimensional embedding of building 𝑖 returned by the 
encoder. These embeddings place buildings with similar form, function, 
and built environment closer together in a latent feature space. Once 
the building embeddings are obtained, we connect each building to its 
𝑘 most similar peers using a Gaussian kernel similarity measure: 

𝑆𝑖𝑗 = exp

(

−
‖ℎ𝑖 − ℎ𝑗‖2

2𝜎2

)

, (2)

where ℎ𝑖 and ℎ𝑗 are the embeddings of buildings 𝑖 and 𝑗, and 𝜎
controls the scaling of distances. This process produces a semantic 
graph 𝐺𝑠 = (𝑉𝐵 , 𝐸𝑠), where edges link buildings that are similar, to 
facilitate propagation between buildings that share meaningful traits 
but may not be connected in the spatial network.

Visual information extraction. To capture complementary perspec-
tives of the building, we extract visual features from both VHR satellite 
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and street-level imagery. The satellite view provides top–down context, 
while the street view captures facade details. VHR imagery is clipped 
using masks generated from building footprints, ensuring that each 
image corresponds to an individual building. A 10 m buffer is applied to 
each mask to capture both the building and its immediate surroundings, 
including extended structures and adjacent environmental context. For 
street-level imagery of buildings, we leverage the open-source tool 
OpenFACADES (Liang et al., 2025), which enables the retrieval of indi-
vidual building images and their association with geospatial locations. 
For buildings with multiple images, the one with the highest visual 
completeness (i.e., the largest visible proportion from the observation 
point) is retained. Fig.  3 provides examples obtained from both data 
sources.

Then, we employ a pretrained vision backbone 𝐹 , remove the 
classification head, and append a linear projection so that 𝐹  outputs 
a 𝑑-dimensional embedding. The model produces embeddings of both 
SVI (𝑋𝑠𝑡) and satellite imagery (𝑋𝑠𝑎), yielding modality-specific vectors 
that can be fused downstream. Buildings without SVI are retained for 
later graph-based imputation.

Vertical feature propagation. Urban data often suffers from incom-
plete coverage (e.g., missing SVI in certain areas). Inspired by Kong 
et al. (2024), who transfer visual and socio-economic features by 
averaging information from neighboring nodes, we employ feature 
propagation over the constructed semantic graph 𝐺  to impute missing 
𝑠
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Fig. 3. Examples of extracted morphological features along with individual street-level and satellite images of buildings in Washington D.C. Data: (c) Mapbox, 
(c) Mapillary contributors, (c) OpenStreetMap contributors.
values (Rossi et al., 2022). This method leverages the graph structure 
to propagate known features to their missing counterparts. Let 𝑋𝑠𝑡 be 
the feature matrix of vertical information, and 𝑀 ∈ {0, 1} be the mask 
indicating observed entries (i.e., 𝑀 = 1 if the feature is missing). The 
process starts with an initial feature matrix 𝑋(0)

𝑠𝑡 , where all missing 
values are set to zero: 
𝑋(0)

𝑠𝑡 = (1 −𝑀) ⋅𝑋𝑠𝑡 (3)

Then, the features are iteratively updated: 
𝑋(𝓁+1)

𝑠𝑡 = 𝑋(0)
𝑠𝑡 +𝑀 ⋅ (𝐷−1∕2𝐴𝐷−1∕2𝑋(𝓁)

𝑠𝑡 ) (4)

In each step, at iteration 𝓁, a new value is calculated by adding the 
propagated features from the graph to the initial known features. The 
normalized adjacency matrix 𝐷−1∕2𝐴𝐷−1∕2, which ensures that features 
are propagated as a weighted average of a node’s neighbors. The mask 
𝑀 is used again to ensure that only the missing values are updated.

Building attribute prediction. The final stage applies a heteroge-
neous GraphSAGE-based network to jointly learn from multi-modal 
building embeddings and the heterogeneous urban graph (Fig.  4a). 
First, we employ a deep feature encoder to fuse the semantic building 
features (𝑋𝑠𝑒), propagated SVI features (𝑋𝑠𝑡), and satellite features 
(𝑋𝑠𝑎). This encoder maps the concatenated inputs into a latent building 
embedding 𝑋(0)

𝐵  via a two-layer perceptron with batch normalization: 

𝑋(0)
𝐵 = 𝜎

(

𝑊2 ⋅ 𝜎
(

𝑊1
[

𝑋𝑠𝑒 ‖𝑋𝑠𝑡 ‖𝑋𝑠𝑎
]

+ 𝑏1
)

+ 𝑏2
)

(5)

where 𝑊1, 𝑏1 and 𝑊2, 𝑏2 are learnable parameters of the encoder layers, 
and 𝜎 denotes the ReLU activation function accompanied by batch 
normalization. This deep fusion step enables the network to capture 
non-linear correlations and relative importance between modalities 
before graph propagation.

The fused embeddings are subsequently propagated through stacked 
heterogeneous GraphSAGE layers, which aggregate information across 
different relation types via neighborhood message passing. The first 
GraphSAGE layer refines node embeddings within the same type based 
on edges 𝑅𝑖𝑛𝑡𝑟𝑎 (e.g., building–building, plot–plot, street–intersection), 
enabling localized smoothing (Fig.  4b): 

𝑋(1)
𝑣 = 𝜎

(

AGG
𝑟∈𝑅𝑖𝑛𝑡𝑟𝑎

(

𝑋(0)
𝑣 ×𝑊 (1)

𝑣 + AGG
(

𝑋(0)
𝑢 ∶ 𝑢 ∈ 𝑟(𝑣)

)

×𝑊 (1)
𝑟

)

)

(6)

where 𝑋(0)
𝑣  and 𝑋(1)

𝑣  are the features of node 𝑣 before and after the up-
date, 𝑁 (𝑣) denotes its same-type neighbors under relation 𝑟, 𝑊  and 𝑊
𝑟 𝑣 𝑟
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are learnable weights, and 𝐴𝐺𝐺(⋅) represents the aggregator function 
(e.g., 𝑚𝑒𝑎𝑛(⋅), 𝑠𝑢𝑚(⋅), max(⋅)). Then, the second GraphSAGE layer inte-
grates contextual information from different node types (i.e., building, 
urban plot and street) into buildings through heterogeneous relations 
(Fig.  4c). For each cross relation 𝑟 ∈ 𝑅𝑐𝑟𝑜𝑠𝑠 targeting a building node 
𝑏 (e.g., street-building, plot-building), the final building representation 
𝑍𝐵 computed using the embeddings from the previous layer: 

𝑍𝑏 = 𝑋(2)
𝑏 = 𝜎

(

AGG
𝑟∈𝑅𝑐𝑟𝑜𝑠𝑠

(

𝑋(1)
𝑏 ×𝑊 (2)

𝑣 + AGG
(

𝑋(1)
𝑢 ∶ 𝑢 ∈ 𝑟(𝑏)

)

×𝑊 (2)
𝑟

)

)

(7)

Dropout regularization is applied at each stage to improve gener-
alization. Finally, a fully connected prediction head maps the learned 
building embeddings to the target property. Specifically, for the task 
of inferring building type, the computational process of the prediction 
layer can be formulated as: 
𝑌 = Sof tmax

(

𝑊𝑜𝑍𝐵 + 𝑏𝑜
)

(8)

where 𝑍𝐵 is the final embedding of building nodes 𝐵 after Graph-
SAGE layers, 𝑊ℎ,𝑊𝑜 and 𝑏ℎ, 𝑏𝑜 are learnable parameters, and 𝑌  de-
notes the predicted probability distribution over 𝐶 building types. 
Since the building types are inherently imbalance in cities, a weighted 
cross-entropy loss is employed to handle class imbalance: 

𝐿(𝑌 , 𝑌 ) = − 1
𝑁

𝑁
∑

𝑖=1

𝐶
∑

𝑐=1
𝑤𝑐 𝑦𝑖,𝑐 log 𝑦̂𝑖,𝑐 (9)

where 𝑤𝑐 denotes the weight for class 𝑐, 𝑦𝑖,𝑐 is the ground-truth indi-
cator, and 𝑦̂𝑖,𝑐 is the predicted probability for sample 𝑖.

4. Implementation

4.1. Data

To implement our methodology, we focus on three cities in this 
study: Amsterdam, Washington D.C., and Berlin. These study areas 
are selected based on the availability of diverse, high-quality urban 
datasets, thereby ensuring both geographic variability and sufficient 
coverage of the data stock. Table  3 presents a detailed breakdown of 
the data collected for this study, while Fig.  5 illustrates the spatial 
distribution of buildings counts with available labels and SVIs. The 
task undertaken in this study is to predict building type through the 
integration of multiple data modalities. 
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Fig. 4. Illustration of the heterogeneous GraphSAGE framework for building attribute prediction. (a) Example of the constructed urban heterogeneous graph, 
with GraphSAGE layers propagating information across (b) same-type relations and (c) cross-type relations. Data: (c) OpenStreetMap contributors.
Table 3
Summary of data collected for the three study cities.
 City Urban nodes Building type Buildings with SVI
 Buildings Streets Intersections Urban plots Count Classes % Count %

 Amsterdam 134,749 32,995 24,255 9,007 114,700 10 85.12% 107,097 79.5%
 Washington D.C. 139,076 52,860 37,313 16,110 91,121 11 65.52% 84,456 60.7%
 Berlin 408,227 197,818 168,279 30,446 200,743 12 49.17% 131,098 32.1%
Fig. 5. Spatial distribution of buildings and data completeness across the study areas. Circle size reflects the number of buildings per grid cell, while color encodes 
the percentage of available (a) building-type labels and (b) street-level imagery (blue = higher completeness, red = lower completeness). Data: (c) OpenStreetMap 
contributors. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Table 4
Distribution of building types across Amsterdam, Washington D.C., and Berlin.
 Building type Amsterdam Washington Berlin

 count % count % count %  
 house 53,375 46.53 42,676 46.83 38,992 19.42 
 houseboat 2,762 2.41 – – – –  
 detached_house – – 31,488 34.56 26,674 13.29 
 semidetached_house – – 14,753 16.19 11,664 5.81  
 allotment_house – – – – 12,819 6.39  
 apartments 52,082 45.41 749 0.82 82,688 41.19 
 commercial 2,843 2.48 397 0.44 8,063 4.02  
 office 194 0.17 218 0.24 1,980 0.99  
 public/governmental 63 0.05 68 0.07 1,932 0.96  
 education 254 0.22 290 0.32 2,554 1.27  
 religious 83 0.07 122 0.13 663 0.33  
 industrial 2,979 2.60 36 0.04 3,133 1.56  
 garage 65 0.06 324 0.36 9,581 4.77  

Urban features. As discussed in Section 3.1, a set of urban mor-
phology features is derived from multiple open data platforms. These 
features capture the spatial context of each building and encompass 
morphological, topological, functional, socio-demographic, and envi-
ronmental characteristics. In total, 15 dimensional features are com-
puted for buildings, 6 for streets, 8 for intersections, and 31 for urban 
plots. The supplementary material provides descriptive statistics for 
these features across the three cities, including their mean, maximum, 
and standard deviation values.

Building type. Building footprint and attribute information are ob-
tained from OSM, which provides openly accessible and regularly 
updated volunteered geographic information. We extract functional 
tags from the OSM building data using the key:building attribute, 
where available. Because classification criteria vary across cities, we 
harmonize the commonly available classes among the selected study 
areas, resulting in 10 classes for Amsterdam, 11 classes for Washington 
D.C., and 12 classes for Berlin (Table  4). These classes constitute the 
foundation of our dataset and serve as the ground truth labels for 
building type classification. 

Satellite imagery. We obtain VHR satellite imagery from Mapbox’s 
global raster tileset, which aggregates data from multiple sources such 
as NASA, the United States Geological Survey, and others.3 For each 
study area, image tiles at zoom level 17 are retrieved, and building-
level patches are generated by locating the geometric information of 
each footprint and extracting the corresponding imagery. To account 
for potential discrepancies, such as roof structures extending beyond 
the base footprint due to building height or slight misalignments across 
platforms, each footprint is expanded with a 10 meter buffer. This 
buffer not only ensures complete coverage of the building but also 
incorporates a portion of its immediate surroundings, offering valuable 
contextual cues for building classification.

Street-level imagery. Street-level imagery is obtained from Mapil-
lary, a crowdsourced platform with global coverage that allows free 
use and adaptation under the CC BY-SA 4.0 license. Using the Map-
illary Python SDK, we download geotagged images within the study 
boundaries and employ the OpenFACADES framework4 to extract in-
dividual observations and align them with the corresponding building 
footprints. Facade-level images are further filtered based on quality, 
visibility, and semantic segmentation criteria. Due to the varying avail-
ability of panoramic imagery across cities, the proportion of buildings 

3 https://docs.mapbox.com/help/glossary/mapbox-satellite/
4 https://github.com/seshing/OpenFACADES
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with street-level coverage differs: 79.5% in Amsterdam, 60.7% in Wash-
ington D.C., and 32.1% in Berlin (Table  3), offering diverse scenarios 
for evaluating the framework. These images provide fine-grained vi-
sual information about building exteriors, including facade materials, 
entrance configurations, and stylistic features.

4.2. Model settings

As detailed in Section 3.2, our model is formulated as a hetero-
geneous graph approach for building node classification, integrating 
multi-modal geospatial data. Standardized urban features are extracted 
for each node type, including buildings, streets, intersections, and 
urban plots. Using the established heterogeneous graph to extract se-
mantic building embeddings (512 dimensions), we establish a semantic 
similarity graph among buildings by constructing a 5-nearest neighbor 
graph. For building nodes, aerial and street-level imagery are encoded 
using the DINOv3 backbone pretrained with the dinov3-vitb16-
pretrain-lvd1689m weights, producing 256-dimensional embed-
dings. To address missing visual features, a feature propagation step 
is applied on the semantic graph, where embeddings are iteratively 
diffused across neighboring nodes (10 iterations) under the guidance 
of a missing-value mask. Fig.  6 illustrates examples of this propagation 
process for Washington D.C. and Amsterdam. Finally, the visual embed-
dings are fused with the original building features and processed by a 
two-layer MLP with batch normalization to refine the input before the 
graph branch.

The graph learning component is implemented as a two-layer het-
erogeneous GraphSAGE network. The first layer propagates information 
across intersections, streets, plots, and buildings, while the second 
layer focuses on building-related connections. Each layer employs mean 
aggregation and a hidden dimensionality of 256. The resulting building 
embeddings are passed through a linear layer to produce the final class 
predictions. For optimization, we use the AdamW optimizer with a 
batch size of 128, a learning rate of 5×10−3, and dropout with 𝑝 = 0.2 is 
applied after each layer to prevent overfitting. The dataset is randomly 
split into training (60%), validation (20%), and test (20%) subsets. All 
models are trained for up to 500 epochs with early stopping, and class 
weights are applied to mitigate the effects of class imbalance. Ablation 
studies of alternative settings are reported in Section 6.

4.3. Benchmarks

The following inference models are selected as benchmarks for 
comparison with our heterogeneous GraphSAGE approach, including 
classical machine learning models and graph-based learning models:

• Computer vision: CNN- and Transformer-based architectures are 
widely used for building classification tasks (Kang et al., 2018; 
Ghione et al., 2022; Sun et al., 2022; Ogawa et al., 2023). 
In this study, we implement ResNet-50 (He et al., 2016) and 
the Swin Transformer, both of which have demonstrated strong 
performance in prior research on building classification (Raghu 
et al., 2023; Ogawa et al., 2023; Liang et al., 2024). Models are 
initialized with pretrained ImageNet-1K weights and trained on 
remote sensing imagery using a learning rate of 1×10−5 for up to 
36 epochs, with early stopping based on validation performance. 
The checkpoint achieving the best validation score is selected 
for final evaluation on the test set and used as a benchmark for 
comparison with the proposed method.

• Machine learning: We establish two classical machine learning 
baselines: Random Forest (RF) and Extreme Gradient Boosting 
(XGBoost). RF is an ensemble approach that aggregates multiple 
decision trees, and XGBoost represents a gradient boosting frame-
work that have achieved competitive performance in various 
building-related tasks (Tooke et al., 2014; Du et al., 2015; Biljecki 
and Sindram, 2017; Milojevic-Dupont et al., 2020; Nachtigall 

https://docs.mapbox.com/help/glossary/mapbox-satellite/
https://github.com/seshing/OpenFACADES
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Fig. 6. Examples of feature propagation on the semantic similarity graph for buildings in Washington D.C. and Amsterdam. Data: (c) Mapillary contributors.
et al., 2023). To account for spatial autocorrelation and enable a 
fair comparison with the GNN-based method, we also implement 
neighborhood variants in which building footprint features from 
surrounding neighbors (i.e., the mean of values from adjacent 
building, street, intersection, and plot nodes) are incorporated 
as additional inputs. The neighborhood buffer is set to 200 m, 
and the aggregated features comprise 75 dimensions in total. The 
RF models are configured with 200 estimators, a minimum split 
size of 2, a minimum leaf size of 1, automatic feature selection 
for splits, and the Gini impurity criterion. The XGBoost models 
are configured with 300 estimators, the gbtree booster, a max-
imum tree depth of 8, a maximum delta step of 0, a minimum 
child weight of 1, and a learning rate of 0.05. To mitigate class 
imbalance issue, class weights are applied in both models.

• Machine learning + visual features: To evaluate the benefit 
of SVI and VHR satellite imagery, and to enable a fair compar-
ison between model architectures, we extend XGBoost by adding 
visual features. We follow the same procedure as described in 
Section 3.2 to extract, normalize, and concatenate SVI and VHR 
embeddings with the urban features as inputs to XGBoost. To 
ensure comparability, the visual inputs for each building are 
controlled to be identical to those used in the HeteroGraph-
SAGE setting (e.g., same imagery sources, encoder, and embed-
ding dimensions). The XGBoost configuration is kept the same as 
described above.

• Homogeneous graph: GraphSAGE is applied as another bench-
mark model, given its efficiency in neighborhood aggregation and 
its demonstrated capability in inferring building attributes (Lei 
et al., 2024; Kong et al., 2024). To integrate urban features into 
building nodes, we aggregate the mean values from adjacent 
street, intersection, and plot nodes within a 200 meter buffer, 
resulting in the same feature dimensionality as in our proposed 
method. In this study, the GraphSAGE architecture consists of 
three SAGEConv layers with mean aggregation, followed by three 
fully connected layers and a final classification layer. The model 
is configured with 256 hidden units and ReLU activations, and 
trained using the cross-entropy loss function for up to 500 epochs 
with early stopping. Optimization is performed with the Adam 
optimizer and a learning rate of 5 × 10−3.

To compare model performance, we employ widely used classi-
fication metrics: Accuracy (Acc), macro-averaged Precision (mPre), 
Recall (mRec), and F1-score (mF1). These metrics are standard in 
building classification research (He et al., 2024), providing a balanced 
assessment of overall predictive performance.
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5. Results

5.1. Overall performance

As shown in Table  5, our proposed HeteroGraphSAGE framework 
achieves consistently more robust and balanced performance than CV 
baselines, ML models and their multimodal extensions. While Random 
Forest and XGBoost attain relatively high overall accuracy and pre-
cision, their macro-F1 and recall remain notably lower, indicating a 
strong bias toward majority classes and limited effectiveness on un-
derrepresented building types. Similarly, Swin Transformer, although 
effective in some scenarios, falls short in producing stable results 
across all metrics and cities. In contrast, GNN-based approaches cap-
ture spatial dependencies among buildings, leading to more balanced 
classification, especially across underrepresented classes.

When further enriched with multimodal inputs, the extended ML 
baselines (XGBoost with visual features) show performance improve-
ments, indicating that visual embeddings provide compelling additional 
cues for this task. However, these gains remain limited compared 
to the proposed graph-based approach, suggesting that ML models 
are insufficient to fully exploit the multimodal information. Our Het-
eroGraphSAGE framework achieves the best overall performance in 
all three cities. For example, in Amsterdam, the multimodal variant 
improves accuracy to 93% and macro-F1 to 0.70. Similarly, in Wash-
ington, D.C., and Berlin, it delivers the highest accuracy and macro-F1 
across 11 and 12 building classes, respectively, demonstrating consis-
tent advantages across diverse urban morphologies. Specifically, VHR 
yielding substantial improvements and SVI offering complementary 
gains. Due to the limited spatial coverage of SVI, VHR remains the 
superior choice when restricted to a single visual source. 

In addition to performance metrics, we further compared deep 
learning methods by visualizing the learned embeddings of our mul-
timodal model against unimodal baselines. Specifically, we projected 
the high-dimensional test set representations into a 2D space using t-
SNE (Fig.  7) to examine the discriminative structure of the latent space. 
The result shows that the CV and homogeneous GNN baselines exhibit 
significant manifold overlap, particularly among semantically similar 
categories, resulting in diffuse and entangled feature distributions. This 
visual ambiguity aligns with their lower recall values, suggesting these 
models struggle to differentiate complex urban classes. In contrast, 
the proposed multimodal HeteroGraphSAGE framework yields a more 
structured latent space with clearer inter-class separation and tighter 
intra-class compactness, in line with its higher macro-F1. This qualita-
tive improvement is further supported by the Silhouette Coefficients, 
which increase markedly across all cities.
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Table 5
Performance comparison of different models across Amsterdam, Washington D.C., and Berlin.
 Model Input data Amsterdam Washington D.C. Berlin

 Acc mF1 mPre mRec Acc mF1 mPre mRec Acc mF1 mPre mRec 
 ResNet50 VHR 86.45% 0.53 0.52 0.55 89.77% 0.55 0.56 0.58 74.16% 0.55 0.54 0.58  
 Swin-T 88.21% 0.58 0.61 0.57 91.60% 0.63 0.64 0.65 75.92% 0.59 0.58 0.63  
 Random Forest urban features (75 dim.) 92.37% 0.49 0.62 0.45 95.37% 0.59 0.68 0.56 80.67% 0.48 0.74 0.45  
 
XGBoost

urban features (75 dim.) 92.85% 0.53 0.66 0.48 95.07% 0.64 0.71 0.61 80.92% 0.56 0.72 0.51  
 (+) VHR 92.03% 0.56 0.70 0.51 94.90% 0.62 0.65 0.60 81.53% 0.61 0.69 0.58  
 (+) SVI 92.46% 0.57 0.67 0.53 94.77% 0.64 0.68 0.62 81.96% 0.62 0.69 0.60  
 (+) SVI (+) VHR 92.35% 0.59 0.72 0.54 94.69% 0.67 0.74 0.63 81.93% 0.62 0.71 0.59  
 GraphSAGE urban features (60 dim.) 88.95% 0.53 0.51 0.56 92.17% 0.63 0.61 0.66 76.29% 0.58 0.55 0.66  
 
HeteroGraphSAGE

urban features (60 dim.) 89.50% 0.58 0.53 0.67 95.00% 0.67 0.68 0.68 80.69% 0.64 0.61 0.68  
 (+) VHR 92.12% 0.65 0.71 0.64 95.54% 0.71 0.75 0.70 85.87% 0.68 0.69 0.68  
 (+) SVI 92.27% 0.63 0.64 0.63 95.24% 0.70 0.71 0.70 84.98% 0.68 0.69 0.67  
 (+) SVI (+) VHR 93.03% 0.70 0.73 0.69 96.51% 0.73 0.73 0.74 86.58% 0.71 0.72 0.70  
Fig. 7. t-SNE plots of building embeddings generated by the CV baseline (Swin Transformer), GraphSAGE, and our proposed HeteroSAGE for Amsterdam, 
Washington D.C., and Berlin, with the mean Silhouette Coefficient displayed to quantify the class separability of each model.
195 



X. Liang et al. ISPRS Journal of Photogrammetry and Remote Sensing 234 (2026) 185–204 
Fig. 8. Confusion matrices of different models in Amsterdam, Washington D.C. and Berlin.
 

5.2. Performance by categories

Fig.  8 presents the confusion matrices of different models across the 
three cities, illustrating how classification performance varies by build-
ing type. Compared to other baselines, our proposed HeteroGraphSAGE 
achieves more balanced predictions across categories, consistent with 
the macro-F1 results discussed earlier. Swin Transformer and XGBoost 
(with image) also deliver relatively balanced outcomes, yet they remain 
less stable in predicting minority classes than graph-based approaches. 
Across all cities, commercial and office, as well as office and indus-
trial, emerge as the most challenging categories to separate, reflecting 
their appearance and morphological similarities. Notably, incorporat-
ing visual features (i.e., XGBoost with image and HeteroGraphSAGE 
with image) consistently improves performance over morphology-only 
inputs, particularly by enhancing the recognition of non-residential 
types relative to residential structures. Nevertheless, our deep graph-
based model demonstrates a stronger ability to integrate multimodal 
inputs, resulting in more coherent and stable predictions across build-
ing categories. This underscores the complementary role of visual 
cues alongside urban morphological features, enabling finer-grained 
discrimination among ambiguous building classes.

To further assess performance, we compare selected models on un-
seen data, including both test and unlabeled buildings. Fig.  9 illustrates 
predictions in a representative area of Washington D.C., with selected 
examples. In general, all models reproduce the broad spatial patterns 
of building use, but differences become clear in more ambiguous cases. 
Religious buildings ( 1  and 2 ) illustrate the added value of integrat-
ing street-level imagery, as facade elements such as towers and masonry
details provide discriminative signals that are absent from morphology
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or roof appearance alone. Similarly, educational and public buildings 
( 3  and 4 ) exhibit similar advantages, as institutional facade designs 
provide additional visual signals. Office buildings ( 5  and 6 ), which 
often overlap with commercial or apartments structures, are identified 
more consistently when visual and urban-context cues are jointly con-
sidered. Despite these improvements, some cases remain difficult. For 
instance, building 7 , a government court facility, and building 9 , a 
university department building, are incorrectly labeled by all methods. 
This is likely due to a combination of factors, including their visu-
ally and morphologically generic appearance, conflicting signals across 
modalities, or insufficient discriminative features to support a confident 
classification. Mixed-use buildings ( 8 ), where commercial functions 
occupy the ground level, pose an additional challenge. Although com-
mon in city centers, they are neither explicitly annotated in OSM nor 
observable from imagery, resulting in ground-truth inconsistencies that 
further complicate model prediction.

5.3. Spatial error analysis

To better understand spatial variation in model performance, we 
compute classification accuracy on the test set for areas containing 
more than three buildings. As shown in Fig.  10a, performance is 
generally strong across regions. When compared with Fig.  5, the re-
sults demonstrate convincing performance even in areas with limited 
SVI coverage, reflecting the effectiveness of propagating street-level 
features.

Nonetheless, city centers often appear as the most challenging areas, 
likely due to the high heterogeneity of building functions and forms, 
which complicates prediction. To examine these cases more closely, 
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Fig. 9. Predictions across different methods of building use types on unseen data in Washington D.C., with selected examples. Data: (c) Mapbox, (c) Mapillary 
contributors, (c) OpenStreetMap contributors, (c) CARTO.
we sampled 20 lowest-performing zones in each city and summarized 
the top five most frequent ‘ground truth ≫ prediction’ errors, illus-
trated with examples in Fig.  10b. In general, several typical failure 
patterns emerge. First, consistent with earlier observations, limita-
tions in the current labeling pipeline for multi-functional buildings 
(e.g., prediction between apartments and commercial) and inherent 
ambiguities between certain types (e.g., house ≫ apartments) reduce 
model reliability. Second, visual cues in imagery can sometimes be 
insufficient or misleading. For example, spatial gaps between build-
ings may be underrepresented (e.g., detached house ≫ semi-detached 
house), certain facade characteristics may be obscured from specific 
viewpoint (e.g., commercial ≫ office), or some types may be visu-
ally confounded (e.g., apartments ≫ detached house). Third, although 
feature propagation helps to compensate for missing SVI, it remains 
a supplementary strategy. In certain cases, semantically similar build-
ings may serve different functions (e.g., office ≫ commercial), and 
propagation can inadvertently introduce bias. These findings point to 
several directions for future work: refining building type labels and 
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classification pipelines, incorporating additional identifiers to capture 
functional complexity, leveraging multi-view street-level imagery, and 
ensuring sufficient input data.

Taken together, the results yield three main insights. First, by 
capturing hierarchical features, our proposed heterogeneous graph ap-
proach enhances the recognition of minority classes and achieves more 
effective classification across 10–12 categories. Second, the inclusion 
of street-level information further improves robustness in cases where 
categories share similar morphology or top–down appearance. Third, 
some buildings remain intrinsically challenging due to ambiguous or 
uncommon forms, hybrid uses, or the absence of distinctive identifiers, 
underscoring the need for richer datasets and multi-label frameworks 
in future research.

6. Ablation experiments

This section presents a series of ablation and sensitivity experiments 
designed to better understand the contributions of different components 
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Fig. 10. Spatial performance of building type classification. (a) Accuracy aggregated by local zones (grid size: 1 × 1 km for Amsterdam and Washington D.C.; 
2 × 2 km for Berlin), (b) Frequent misclassification patterns from the 20 lowest-performing zones, illustrating typical ‘ground truth ≫ prediction’ errors and 
selected examples. Data: (c) Mapbox, (c) Mapillary contributors, (c) OpenStreetMap contributors.
in our framework. Specifically, we examine (1) the contribution of 
different node types through graph component ablation, (2) the effect 
of different pretrained vision backbones on multimodal learning; (3) 
the sensitivity of the model to the completeness of street-level features, 
and (4) the impact of key hyperparameters on model performance. 
All models are trained using the AdamW optimizer with default 𝛽
parameters. All experiments are conducted on a single NVIDIA RTX 
4090 GPU. Each configuration is repeated five times under identical 
settings, and average performance is reported.

6.1. Graph component ablation

To quantify the contribution of cross-scale information integration, 
we conduct a graph component ablation study that systematically 
evaluates different node-type combinations in the heterogeneous graph. 
Specifically, we evaluate three configurations: (1) individual informa-
tion sources, where only one node type is used; (2) partial integration, 
where different combinations of two or three node types are included; 
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and (3) full integration, where all four node types are jointly incor-
porated. Different configurations are implemented by masking node 
features of excluded types and restricting message passing to edges con-
necting the selected node types. When the building node is excluded, 
its features are masked while predictions are still generated at building 
nodes based solely on information propagated from other node types.

Table  6 reports the results across Amsterdam, Washington D.C., 
and Berlin. Three key observations emerge. First, full integration con-
sistently achieves the best and most stable performance across all 
cities, highlighting the complementary nature of cross-scale relational 
information. Second, building-level features contribute the most to 
performance, followed by urban plot features, while intersection-only 
graphs perform weakest. This could be attributed to the limited fea-
ture dimensionality of streets and intersections, or indicates that pure 
topological information alone is insufficient for building type predic-
tion. Third, the magnitude of performance improvement yielded by 
augmenting building nodes with other node types varies significantly 
across cities. This suggests that the degree of reliance on broader 
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Table 6
Performance comparison using different node-type combinations across Ams-
terdam, Washington D.C., and Berlin.
 Node type(s) Amsterdam Washington Berlin

 Acc mF1 Acc mF1 Acc mF1 
 Individual source
 building 81.81% 0.49 82.90% 0.52 67.72% 0.50 
 urban plot 67.84% 0.33 85.49% 0.47 57.80% 0.42 
 street 63.58% 0.30 66.43% 0.33 45.16% 0.33 
 intersection 44.79% 0.19 39.16% 0.17 25.49% 0.19 
 Partial integration
 building, urban plot 87.66% 0.53 92.95% 0.65 79.27% 0.62 
 building, street 87.95% 0.55 89.76% 0.57 73.79% 0.56 
 building, intersection 85.96% 0.54 86.17% 0.54 71.06% 0.53 
 urban plot, street 73.12% 0.39 89.36% 0.54 65.23% 0.49 
 urban plot, intersection 71.95% 0.37 88.66% 0.52 63.65% 0.47 
 street, intersection 68.32% 0.34 74.22% 0.39 50.18% 0.37 
 building, urban plot, street 89.37% 0.56 93.89% 0.66 80.90% 0.63 
 building, urban plot, intersection 88.82% 0.57 93.70% 0.65 80.50% 0.63 
 building, street, intersection 88.40% 0.56 91.40% 0.60 74.83% 0.57 
 urban plot, street, intersection 73.69% 0.39 90.38% 0.55 66.03% 0.50 
 Full integration
 all 89.52% 0.58 94.46% 0.67 81.10% 0.64 

spatial and topological context fluctuates according to the specific 
urban morphology and planning patterns of each city. 

6.2. Vision module selection

To determine the most effective vision module, we evaluated several 
pretrained vision backbones, including ResNet, ViT-16, Swin Trans-
former, DINOv2, and DINOv3. All vision models are applied as stan-
dalone feature extractors prior to GNN training, producing fixed-length 
embeddings from 224 × 224 images which are stored for subsequent 
training and inference. In total, 241,846 images in Amsterdam, 223,532 
in Washington, D.C., and 539,325 in Berlin are processed. These 
embeddings are then loaded and integrated as node features during 
GNN training, avoiding repeated feature extraction. Consequently, GNN 
training efficiency remains largely unaffected by backbone complexity, 
with training times ranging from 16 to 46 s for 500 epochs and 
inference times between 0.05 and 0.1 s.

As shown in Table  7, self-supervised transformer backbones (DI-
NOv2/v3) consistently outperform the other baselines. Among them, 
DINOv3 achieves the best overall performance, with the base model 
(DINOv3-B) yielding the highest accuracy and mF1 in Washington D.C. 
(96.38%, 0.74) and the highest accuracy in Berlin (86.56%). While the 
large model (DINOv3-L) achieves the highest accuracy in Amsterdam 
(93.20%) and mF1 in Berlin (0.71), DINOv3-B maintains comparable 
performance in the two cities. Considering both efficiency and stability 
across datasets, we select DINOv3 with base pretrained weights as the 
vision encoder in our framework. 

6.3. Sensitivity to completeness of street-level features

To evaluate the dependence and effectiveness of our framework 
with respect to street-level feature propagation, we conduct a sensi-
tivity analysis by progressively masking SVI features at ratios ranging 
from 0.1 to 1.0. Fig.  11 shows the resulting performance in terms of 
accuracy and macro-F1 across the three cities.

Overall, model performance decreases as the proportion of masked 
SVI increases, confirming the contribution of street-level information to 
building attribute prediction. The decline is most evident in Amsterdam 
and Washington D.C., where SVI coverage is relatively high, with 
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macro-F1 dropping by more than five percentage points when all SVI 
features are removed. In contrast, the impact is less pronounced in 
Berlin, where SVI coverage is limited. Importantly, the results show 
that the model remains relatively stable under partial masking when 
sufficient SVI is available (e.g., Amsterdam and Washington D.C.), 
indicating that feature propagation provides resilience against miss-
ing facade information. Moreover, even in Berlin, retaining only 25% 
of street-level features still yields better performance than the fully 
masked setting. These findings demonstrate that the proposed feature 
propagation mechanism is effective in mitigating incomplete SVI cov-
erage by leveraging relational context, and that street-level imagery 
provides complementary semantic cues beyond urban attributes and 
satellite imagery alone.

6.4. Configurations analysis

Hyperparameter tuning is conducted across multiple dimensions, 
including image feature embedding sizes (32, 64, 128, 256, 512), 
hidden dimensions (32, 64, 128, 256, 512), learning rates (1 × 10−2, 
5 × 10−3, 1 × 10−3, 5 × 10−4, 1 × 10−4), and the number of nearest 
neighbors for building nodes (3, 5, 8, 10, 15). Fig.  12 presents the 
sensitivity of our model to different configurations, assessed on the val-
idation set during training. Overall, we observe consistent performance 
trends across accuracy and macro-F1, with relatively stable outcomes 
at medium-to-large parameter settings.

For image dimensions, both metrics show the median accuracy and 
macro-F1 generally increase with larger embedding sizes up to 256, 
after which improvements plateau, suggesting that 256 dimensions 
offer a good balance between accuracy and computational cost. Hidden 
unit size exhibits a similar trend. Performance steadily improves from 
32 to 128 units, after which gains become negligible. While 512 units 
achieve slightly higher accuracies for Amsterdam, they also exhibit 
larger variance of mean F1 in Berlin, indicating reduced stability. This 
suggests that 256 hidden units are optimal for balancing performance 
and model robustness. Learning rate emerges as the most sensitive 
hyperparameter. Small rate (1×10−4) lead to underfitting, while overly 
large rates (1 × 10−2) destabilize training and reduce performance. 
The best trade-off is consistently observed around 5 × 10−3, which 
achieves high accuracy with relatively low variance. For the number of 
nearest neighbors, overall performance is only weakly sensitive to this 
parameter, with a slight improvement observed when increasing the 
neighborhood size from 3 to 5, while further increases yield negligible 
gains. Considering the increased graph density and computational cost 
associated with larger neighborhoods, a value of 5 is selected. Based on 
this analysis, we set the default configuration to an image embedding 
size of 256, hidden unit size of 256, learning rate of 5 × 10−3, and 5 
nearest neighbors for building nodes.

7. Discussion

7.1. Inferring other building attributes

To further evaluate the capability of our method in predicting 
additional attributes, we conduct an experiment on the task of inferring 
building age. Construction year data from Amsterdam are used, focus-
ing on buildings constructed after 1800. In total, 121,974 buildings 
with age labels are obtained (90.5% of all buildings in Amsterdam), 
and their distribution is summarized in Fig.  13. To simulate a data-
limited scenario, the dataset is split into training, validation, and test 
sets in a 2:2:6 ratio. Using the same parameter settings, we compare 
performance against the same benchmark models as in the building 
type task.

Table  8 reports the performance of different models on building 
age prediction in Amsterdam. Among the baselines, tree-based methods 
(RF and XGBoost) achieve lower errors than both the vision-based 
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Fig. 11. Model performance under different levels of masked street view imagery across Amsterdam, Washington D.C., and Berlin. The 𝑥-axis indicates the ratio 
of SVI features randomly masked, and the y-axes show Accuracy (top row) and macro-F1 (bottom row). Each point represents the average of 5 runs, with shaded 
areas and error bars denoting the standard deviation.
Swin Transformer and the GraphSAGE models, reflecting the effec-
tiveness of urban features for this task. When enriched with both SVI 
and VHR satellite data, our proposed HeteroGraphSAGE consistently 
outperforms the benchmarks across all metrics. It achieves the best 
performance with an RMSE of 16.86, MAE of 6.86, and 𝑅2 of 0.83. 
The breakdown by age group further highlights the benefits of multi-
modal integration for XGBoost and HeteroGraphSAGE models, with 
our approach achieves the lowest RMSE across all age categories. In 
particular, incorporating SVI markedly reduces errors for the youngest 
buildings (𝑎𝑔𝑒 ≤ 50), while the full integration yields substantial 
improvements for the older buildings (50 < 𝑎𝑔𝑒 ≤ 100 and 𝑎𝑔𝑒 > 100), 
dropping the RMSE to 10.23 and 21.28, respectively, underscoring 
its advantage in capturing both morphological and visual signals for 
predicting construction periods. 

7.2. Implications and future works

This study demonstrates the value of combining heterogeneous 
graphs and cross-view imagery for large-scale building attribute pre-
diction. By integrating hierarchical urban features with satellite and 
street-level visual cues, our framework moves beyond building-centric 
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aggregation and provides a more holistic representation of the urban 
environment.

First, by explicitly modeling the city as a heterogeneous graph, our 
approach captures the hierarchical relations among buildings, urban 
plots, streets, and intersections. This design goes beyond homogeneous 
graph frameworks that treat buildings in isolation and allows feature 
propagation across multiple urban layers. The findings suggest that 
incorporating such hierarchy not only improves building attribute clas-
sification but also opens avenues for extending prediction to other 
multi-factor attributes, such as building energy performance (Hu et al., 
2022), building-level Local Climate Zones (Li et al., 2025b), or urban 
heat exposure (Liu et al., 2025b).

Second, the systematic integration of urban features with satel-
lite and street-level imagery provides a balanced and robust predic-
tive framework. Prior research has demonstrated the complementary 
strengths of morphological descriptors and top–down imagery (Lei 
et al., 2024; Kong et al., 2024; Wang et al., 2024; Yap et al., 2025), 
but facade-level cues remain underutilized at scale. Our results show 
that cross-modal fusion enhances recognition of minority and visually 
distinctive classes while reducing ambiguity in categories with simi-
lar morphology or top–down appearance. This step forward indicates 
broader potential for applying fine-grained, multi-modal observations 
Table 7
Performance and efficiency of different vision backbones on Amsterdam, Washington D.C., and Berlin.
 Backbone Pretrained weight Params (M) Amsterdam Washington D.C. Berlin

 Time (s) Acc mF1 Time (s) Acc mF1 Time (s) Acc mF1 
 ResNet18

IMAGENET1K_V1

11 70.49 92.61% 0.62 66.14 95.84% 0.69 154.62 85.93% 0.68 
 ResNet50 24 111.50 92.55% 0.66 96.45 95.81% 0.71 258.35 86.04% 0.70 
 ViT-B/16 86 257.17 92.24% 0.63 237.60 95.45% 0.70 572.51 85.82% 0.69 
 Swin-T 28 160.85 92.65% 0.64 144.41 96.27% 0.70 342.26 85.79% 0.69 
 DINOv2-S vit_small_patch14_dinov2.lvd142m 22 142.48 92.51% 0.62 136.95 96.16% 0.73 285.19 85.96% 0.70 
 DINOv2-B vit_base_patch14_dinov2.lvd142m 86 348.84 92.98% 0.65 321.35 96.08% 0.73 799.30 85.79% 0.70 
 DINOv3-B dinov3-vitb16-pretrain-lvd1689m 86 306.42 93.10% 0.68 282.24 96.38% 0.74 716.51 86.56% 0.70 
 DINOv3-L dinov3-vitl16-pretrain-lvd1689m 303 992.72 93.20% 0.66 916.22 96.13% 0.74 2264.00 86.50% 0.71 
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Fig. 12. Sensitivity analysis of model performance with respect to hyperparameter configurations. Boxplots show distributions of validation accuracy and macro-F1 
across data from Amsterdam, Washington D.C. and Berlin. Lines connect mean values to highlight performance trends.
Fig. 13. Distribution of building age data in Amsterdam from 1800 to the present.
to tasks such as material characterization (Lei et al., 2024), and disaster 
vulnerability assessment (Li et al., 2025a).

Third, validation across multiple global cities and attributes under-
scores the robustness of the proposed method. We show that visual cues 
substantially enhance building attribute prediction across contexts, 
even in data-scarce environments. This highlights opportunities for 
future global-scale research, where similar frameworks could be used to 
infer building-level indices relevant for sustainability and equity, such 
as solar irradiance potential (Yu et al., 2025), or environmental expo-
sure (Yu et al., 2016; Li et al., 2022b). The ability to generalize across 
diverse urban contexts is important for addressing data inequalities 
among regions.

While the proposed framework advances the integration of het-
erogeneous graphs and cross-view imagery for building attribute pre-
diction, limitations remain that offer avenues for future research. A 
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first limitation concerns the coverage and quality of SVI. Although SVI 
provides unique vertical and facade-level cues that are indispensable 
for identifying building types, materials, and architectural periods, its 
availability, particular for crowdsourced platform, is highly uneven 
across areas and countries (Hou and Biljecki, 2022). These issues 
introduce noise into the learning process and can bias predictions 
toward well-documented urban contexts. In this work, we mitigate 
these challenges by incorporating preprocessing of street-level building 
images through the OpenFACADES toolkit,5 which automates quality 
assessment by detecting occlusions, distortions, and incomplete fa-
cades. Also, feature propagation of street-level feature is introduced 

5 https://github.com/seshing/OpenFACADES

https://github.com/seshing/OpenFACADES
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Table 8
Performance comparison of different models for building age prediction in Amsterdam.
 Model Input data Overall RMSE by age group
 RMSE MAE 𝑅2 𝑎𝑔𝑒 ≤ 50 50 < 𝑎𝑔𝑒 ≤ 100 𝑎𝑔𝑒 > 100 
 ResNet50 VHR 21.84 13.10 0.72 21.48 15.94 28.28  
 Swin-T 21.99 12.74 0.72 21.03 15.43 29.58  
 Random Forest urban features (75 dim.) 19.70 9.95 0.77 21.57 11.17 25.01  
 
XGBoost

urban features (75 dim.) 19.51 10.48 0.78 21.08 11.75 24.70  
 (+) VHR 20.40 12.17 0.76 21.89 12.49 25.88  
 (+) SVI 19.10 11.15 0.79 20.24 11.64 24.59  
 (+) SVI (+) VHR 19.34 11.49 0.78 20.40 11.88 24.95  
 GraphSAGE urban features (60 dim.) 20.48 11.96 0.76 22.03 13.68 25.13  
 
HeteroGraphSAGE

urban features (60 dim.) 19.81 11.21 0.77 20.89 12.61 25.28  
 (+) VHR 18.81 8.28 0.79 21.52 11.95 21.72  
 (+) SVI 17.35 7.26 0.82 18.23 11.07 22.19  
 (+) SVI (+) VHR 16.86 6.86 0.83 18.22 10.23 21.28  
on semantic similarity graphs, while this remains a mitigation strategy 
rather than a full solution. In future work, it will be valuable to test 
the extent to which incorporating high-quality imagery, for example, 
from commercial platforms, where higher-resolution, multi-temporal, 
and more systematically curated SVI datasets are increasingly available. 
This have potential to further stabilize building-level representations.

A second area for improvement involves the integration of temporal 
information. Our current framework focuses on static representations 
of buildings and their urban context. Yet, many attributes, such as 
building use, occupancy, and even facade conditions, are dynamic 
over time. Incorporating temporal layers into heterogeneous graphs, or 
linking with longitudinal imagery archives, could allow the prediction 
of changes in building attributes and enrich studies on urban dynamics. 
This is especially relevant for monitoring processes such as urban 
evolution, gentrification, or the degradation of building stock, which 
are critical for long-term planning.

A third limitation concerns cross-city generalization. While the 
proposed framework performs well within individual cities, our ex-
ploratory tests and empirical experience suggest that models trained 
on one city do not transfer reliably to others. This indicates that 
the learned representations may still encode substantial city-specific 
characteristics. Addressing this limitation, particularly in the context 
of data-scarce cities, remains an important direction for future work 
and may require domain adaptation strategies, multi-city pretraining, 
or explicit modeling of cross-city heterogeneity.

8. Conclusion

Reliable information on buildings is fundamental for understanding 
cities and supporting various urban applications. Yet many attributes, 
including use type, construction year, and number of floors, remain 
scarce, fragmented, or inconsistently recorded across regions. These 
gaps limit large-scale urban analytics and restrict the development of 
open and comprehensive geospatial resources. To address this chal-
lenge, we developed a hierarchical, multi-modal graph neural network 
framework that integrates urban features with cross-view imagery. 
Our method models the city as a heterogeneous graph consisting of 
buildings, urban plots, streets, and intersections, enriched with mor-
phological, topological, functional, socio-demographic, and environ-
mental indicators. Visual features from very high-resolution satellite 
imagery and street view imagery are further incorporated, with a 
semantic similarity graph used to propagate facade information and 
mitigate incomplete street-level coverage. This design enables a holistic 
representation of buildings that captures both their local appearance 
and broader urban context. The contributions of this work are: (1) 
introducing a heterogeneous graph framework that explicitly captures 
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hierarchical urban relations; (2) systematically integrating urban fea-
tures with cross-view imagery; and (3) validating the framework across 
multiple global cities and attributes.

Our experiments show that the proposed method enhances recogni-
tion of minority classes, achieves more balanced classification across 
diverse building categories, and improves robustness in cases where 
categories share similar morphology or top–down appearance. At the 
same time, results highlight potential challenges, including misclas-
sification of ambiguous or hybrid-use buildings and the impact of 
uneven SVI coverage. These findings imply that combining heteroge-
neous graphs with cross-view imagery provides a scalable and robust 
pathway to enrich building-level information. Beyond predicting build-
ing attributes, the approach also provides opportunities to infer other 
urban indicators shaped by diverse and complex factors, such as en-
ergy usage, solar access, or environmental exposure, supporting more 
equitable and sustainable urban analytics on a global scale.
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