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Urban environments are continuously mapped and modeled by various data collection platforms, including
satellites, unmanned aerial vehicles and street cameras. The growing availability of 3D geospatial data from
multiple modalities has introduced new opportunities and challenges for integrating spatial knowledge at
scale, particularly in high-impact domains such as urban planning and rapid disaster management. Geospatial
entity resolution is the task of identifying matching spatial objects across different datasets, often collected
independently under varying conditions. Existing approaches typically rely on spatial proximity, textual
metadata, or external identifiers to determine correspondence. While useful, these signals are often unavailable,
unreliable, or misaligned, especially in cross-source scenarios. To address these limitations, we shift the focus
to the intrinsic geometry of 3D spatial objects and present 3dSAGER (3D Spatial-Aware Geospatial Entity
Resolution), an end-to-end pipeline for geospatial entity resolution over 3D objects. 3dSAGER introduces a
novel, spatial-reference-independent featurization mechanism that captures intricate geometric characteristics
of matching pairs, enabling robust comparison even across datasets with incompatible coordinate systems
where traditional spatial methods fail. As a key component of 3dSAGER, we also propose a new lightweight
and interpretable blocking method, BKAFI, that leverages a trained model to efficiently generate high-recall
candidate sets. We validate 3dSAGER through extensive experiments on real-world urban datasets, demon-
strating significant gains in both accuracy and efficiency over strong baselines. Our empirical study further
dissects the contributions of each component, providing insights into their impact and the overall design
choices.
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1 Introduction
Entity Resolution (ER) is a data integration task, focusing on identifying and reconciling different
data references that correspond to the same real-world entity [15, 20, 26, 27, 77]. Geospatial ER has
emerged as a unique branch of ER, focusing on the deduplication of geospatial objects [4, 38, 66,
67]. The task may involve different data modalities, such as textual descriptions and geographic
coordinates.
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In this work, we present 3dSAGER, a novel end-to-end ER coordinate-agnostic pipeline that
extends geospatial ER to the setting of 3D polygon mesh. 3dSAGER is designed for rich geometric
representations such as 3D polygon meshes. The work is motivated by the lack of reliable and
accurate representations of urban environments. This is particularly crucial in the context of
urban disaster management1 that extensively relies on timely data [80]. Effectively collecting
and processing such data involves understanding the heterogeneity of resources, automating
the discovery and selection of data sources and dynamically reorganizing applications through
model-driven feedback [3]. Consider, for example, a system for early disaster warning, such as
earthquakes and their subsequent events, e.g., fires. Such systems need to identify rapidly evolving
disaster situations where locality has a great impact. In this example, real-time fire spreading
models used in Geographic Information System can identify the threatened areas and the physical
structures, e.g. houses, that may be impacted. Towards this goal, one can aim at integrating data
from various sources, such as satellites, UAVs (Unmanned Aerial Vehicles), and street cameras to
assist in coordinating emergency resources effectively [1].
Virtual 3D City Models (V3CMs) offer a detailed data representation technology, representing

environmental and urban virtual information of surfaces and geospatial objects, including buildings,
walls, windows, and vegetation [37, 69]. Information on surfaces and objects is mostly stored in
a standardized data model that allows format exchange of digital 3D models, among these are
CityGML [28] and CityJson [43]. The data model often combines textual descriptions (e.g., location
names) with coordinates (e.g., latitude and longitude), and a textual representation of polygon mesh,
a geometric object defined by its topology formulated according to a network of interconnected
coordinates to form a closed 3D surface [8, 29]. To provide reliable environmental data framework,
the models stored in the V3CM are continuously updated as new data is acquired, which may
lead to data duplications and conflicts when integrating or analyzing the information [18, 21].
Resolving these duplications is critical for ensuring an adequate and reliable representation of the
environment.

Existing geospatial ER methods consider coordinates in a pointwise fashion, where the geospatial
description of an object is reduced to a single representative point, e.g., its centroid [4, 17, 52, 67].
Building on this, blocking, a preparatory step in ER that aims to discard non-matching pairs,
often assumes that different references to the same entity should reside in nearby regions of the
coordinate system. However, this assumption breaks when data sources employ different coordinate
systems, leading to transformations that disrupt geometric alignment. Consequently, methods that
rely on direct coordinate comparisons fail to generalize in such settings. Furthermore, other forms
of geospatial information may be limited or unavailable, often due to urgent computing constraints
that restrict the extraction of richer contextual data from images. Therefore, a coordinate-agnostic
approach that leverages structural properties of objects becomes essential, motivating geometry-
oriented featurization beyond 2D projections and metadata.

Example 1. To illustrate the problem, consider Figure 1, which contains on the left an example of
CityJson 3D object representation. On its right, a graphical illustration of the represented geospatial
object (in this case, a building) is provided as polygon mesh. We also provide two additional object
representations on the right.

Assume that we aim to match the object on the left to the two objects of the right. The top pair
forms a match (marked with ✓), due to their geometrical similarity (shape and boundary intricacies)
of the two polygon meshes. In contrast, the bottom pair is identified as a non-match (marked as ✗)
due to irregularities, such as sharp edges and protrusions, in their shapes.

1https://www.wvi.org/disaster-management/urban-disaster-management
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Fig. 1. An example of geospatial ER over 3D objects represented as CityJson files.

Leveraging the complete polygon mesh for geospatial ER for 3D objects enables accurate match-
ing based on intrinsic geometric and topological properties, rather than relying on pointwise
representations accompanied with textual descriptions. Therefore, we present 3dSAGER, an end-to-
end pipeline for geospatial ER for 3D objects that operates directly on polygon mesh representations
of objects. We propose a novel featurization mechanism that transforms raw CityJson geometry
into an interpretable feature space, capturing the intricate geometric characteristics between can-
didate matching pairs. Built upon a model trained over a subset of the data, we employ BKAFI, a
lightweight and efficient coordinate-agnostic blocking technique that, to the best of our knowl-
edge, is the first to leverage feature importance scores derived from a downstream matcher to
select blocking keys. This approach departs from traditional approaches that extract blocking
keys directly from the input data. The property vectors derived from our featurization process
are subsequently used to construct pairwise feature vectors, which serve as input to a machine
learning model, trained to determine whether a given candidate pair forms a match or not. Our
approach is model-agnostic, allowing seamless integration with different models while ensuring
both flexibility and interpretability. Our contribution can be summarized as follows.
• A formal definition of geospatial ER for 3D objects and a corresponding end-to-end solution,
3dSAGER, relying solely on the polygon mesh representations without the use of any external
metadata or location-based information.
• A novel featurization framework for geospatial ER.
• A newly introduced blocking method, BKAFI, which leverages feature importance to select
a compact set of geometric properties – offering a scalable and interpretable alternative to
traditional coordinate-based blocking.
• A new large-scale benchmark dataset, The Hague, built from real-world heterogeneous 3D
sources.2
• A comprehensive empirical evaluation demonstrating the effectiveness and efficiency of
3dSAGER .
• Publicly available code to facilitate reproducibility.3

We provide basic notations and problem definition in Section 2, followed by our solution proposal
in Section 3. Section 4 describes our new benchmark and Section 5 outlines the empirical evaluation.
Finally, related work is reviewed in Section 6 and the paper is concluded in Section 7.
2https://tinyurl.com/3dSAGERdataset
3https://github.com/BarGenossar/3dSAGER
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2 Problem Definition
We now define the task of geospatial ER for 3D objects, performed over 3D polygon mesh data.
Recall that CityJson is a common representation of such objects [43] and thus, for the reminder of
the paper we will assume that the 3D objects we have at our disposal are provided as CityJson files.
To establish a rigorous basis for our work, we begin by defining the concepts of a polygon and a
polygon mesh, the fundamental representations of 3D objects in our setting.

Definition 1. A polygon is a sequence of 𝑛 coordinates 𝑝 = {𝑣1, 𝑣2, . . . , 𝑣𝑛}, such that 𝑣𝑖 ∈ R3 for
every 𝑣𝑖 ∈ 𝑝 . The sequence forms a closed shape through a set of edges, expressed as an adjacency
function 𝜙 : {𝑣1, . . . , 𝑣𝑛} × {𝑣1, . . . , 𝑣𝑛} → {0, 1}, defined as:

𝜙 (𝑣𝑖 , 𝑣 𝑗 ) =
{
1, if 𝑗 = 𝑖 + 1 or (𝑖 = 𝑛, 𝑗 = 1)
0, otherwise.

The adjacency function ensures that edges exist between consecutive coordinates, including the
edge connecting the last coordinate 𝑣𝑛 to the first vertex 𝑣1, forming a closed surface. With this
definition, we next define a polygon mesh.

Definition 2. A polygon mesh (mesh for short) 𝑃 is a finite set of𝑚 polygons (Definition 1) 𝑃 =

{𝑝1, 𝑝2, . . . , 𝑝𝑚}. The polygons in 𝑃 collectively form a closed 3D sutrface, such that every edge 𝑒
belonging to a polygon 𝑝𝑖 ∈ 𝑃 is shared by exactly one other polygon 𝑝 𝑗 ∈ 𝑃 .

Example 2. Figure 2 provides an example of a simple box-shaped mesh (top) and the corresponding
of six quadrilateral polygons (bottom), each defined by four coordinates inR3. The objects presented
in Figure 1 are also meshes. The visualization was generated from the ‘boundries’ provided in the
CityJson.

Equipped with the definition of a mesh, we are now ready to define geospatial ER. Let 𝐷𝐼 =
{𝑃 𝐼1, 𝑃 𝐼2, ..., 𝑃 𝐼𝑛𝐼 } and 𝐷

𝐶 = {𝑃𝐶1 , 𝑃𝐶2 , ..., 𝑃𝐶𝑛𝐶 } be sets of meshes, representing an indexed dataset and
a candidate dataset, respectively. We assume a clean-clean setting. This means that there are no
matching objects internally in both 𝐷𝐼 and 𝐷𝐶 , i.e., �𝑃 𝐼𝑖 , 𝑃 𝐼𝑗 ∈ 𝐷𝐼 (�𝑃𝐶𝑖 , 𝑃𝐶𝑗 ∈ 𝐷𝐶 ) such that 𝑃 𝐼𝑖 (𝑃

𝐶
𝑖 )

and 𝑃 𝐼𝑗 (𝑃
𝐶
𝑗 ) refer to the same real-world entity. The ER objective is to identity objects, in this case

3D objects represented as meshes, that refer to the same real-world entity. In the context of our
work, such entities can be buildings or other geospatial objects that do not have unique identifiers.
Following the common literature for ER [15], we address geospatial ER as a two stage problem
consisting of blocking and matching. Largely speaking, the former aims to reduce the number of
pairwise object comparisons, since comparing all possible |𝐷𝐼 | × |𝐷𝐶 | pairs can be prohibitively
expensive. An effective blocking strategy balances the goal of retaining as many true matches as
possible while minimizing the number of non-matching pairs. The matching stage is typically more
resource-intensive, as it incorporates nuanced characteristics for better differentiation between
matching and non-matching pairs. Stemming mainly from the absence of primary keys, matching
relies on semantic cues, may they be geospatial or geometric, to asses whether polygons refer to
the same real-world spatial object.
Geospatial ER Blocking: Given an indexed dataset 𝐷𝐼 and a candidate dataset 𝐷𝐶 , blocking step
𝐵(𝐷𝐼 , 𝐷𝐶 ) (or a blocker) aims to discard obvious non-matching mesh pairs, thereby reducing the
computational complexity of subsequent steps. The outcome of this step is a set of candidate mesh
pairs 𝐶𝐷𝐼 ×𝐷𝐶 ∈ 𝐷𝐼 × 𝐷𝐶 (𝐶 when clear from context).
Geospatial ER Matching: Given a blocker 𝐵(𝐷𝐼 , 𝐷𝐶 ), we now define the matching problem. We
assume the existence of an oracle mapping function 𝜃 , unknown to us. That is, our goal is to obtain
a model 𝜃 to identify duplicate (matching) meshes in 𝐶 .
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Fig. 2. An example of a simple box-shaped mesh, represented as a set of interconnected polygon faces.

Problem 1. Let𝐷𝐼 = {𝑃 𝐼1, 𝑃 𝐼2, ..., 𝑃 𝐼𝑛𝐼 } be an index dataset,𝐷
𝐶 = {𝑃𝐶1 , 𝑃𝐶2 , ..., 𝑃𝐶𝑛𝐶 } a candidate dataset

and 𝐶 ∈ 𝐷𝐼 × 𝐷𝐶 a set of mesh pairs obtained by a blocker 𝐵(𝐷𝐼 , 𝐷𝐶 ). The matching problem aims
to obtain a model 𝜃 : 𝐶 → {0, 1}, classifying a pair (𝑃 𝐼𝑖 , 𝑃𝐶𝑗 ) ∈ 𝐶 as a match (1) or non-match (0).

The focus of our work is in developing (1) a blocker 𝐵 and (2) a model 𝜃 . Specifically, the blocker
is based on a reduced set of features that support maximum recall at a low cost. The model is a
machine-learningmodel, trained on pairwise feature vectors that encode the geometric relationships
between meshes in candidate pairs. Obviously, a “perfect” 𝜃 is one that is equivalent to 𝜃 (or at
least has equivalent outputs). For the context of this work we assume we have at our disposal a set
that was annotated with 𝜃 (aka a training set), which can be used to train a model. For simplicity
of presentation, this study focuses on clean-clean ER assumption. Yet, the proposed framework
is flexible and can be adapted to non clean-clean settings as well. These include settings where
duplicates may exist within the indexed dataset 𝐷𝐼 , the candidate dataset 𝐷𝐶 , or both, enabling
broader applicability in diverse real-world contexts.
To illustrate the relevance of this setting, we introduce next a case study of a post-disaster

management (PDM) scenario. Natural disasters (e.g., earthquakes and floods) require rapid and
accurate situational awareness for prioritizing emergency response. A central challenge in such
scenarios, especially in urban areas, involves aligning newly captured 3D imagery of damaged areas,
often collected by UAVs, against a registry of existing 3D images, as maintained by local authorities.
The UAV-acquired datasets, represented by meshes, may lack trustworthy geo-location due to
factors such as GPS disruption or the lack of correction infrastructure (e.g., CORS networks) [50, 82],
particularly in remote or underdeveloped regions [14, 75, 79]. Moreover, imagery metadata may be
missing or inconsistent [74], making traditional matching signals like spatial proximity or external
identifiers ineffective. The only reliable information may be the intrinsic geometric structure of
captured objects. As a part of our empirical analysis (Section 5.2.5), we analyze the role of matching
in supporting PDM.

3 3dSAGER: Matching 3D Objects
We now present 3dSAGER (3D Spatial-Aware Geospatial Entity Resolution), our novel end-to-end
solution for geospatial ER over 3D objects. As depicted in Figure 3, 3dSAGER comprises two
main stages, namely training (top panel) and inference (bottom panel). Both stages operate over
the indexed dataset 𝐷𝐼 and the candidate dataset 𝐷𝐶 . In the initial step, mesh items from both
datasets are transformed into property vectors (Section 3.1), which are extracted directly from the
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Fig. 3. A schematic overview of the full pipeline.

polygon mesh geometry, unlike traditional ER pipelines that rely on tabular or metadata-derived
features. This featurization is structurally tied to the 3D mesh representation and designed to
capture intrinsic geometric characteristics relevant for matching. To the best of our knowledge,
this is the first application of such a featurization approach in the context of ER. In the training
stage, we use a set of labeled object pairs 𝐶𝑡𝑟 ⊆ 𝐷𝐼 × 𝐷𝐶 , represented as property vectors. These
pairs undergo a featurization step that converts them into a machine-learning-compatible format,
capturing pairwise geometric relationships between the objects (Section 3.2). This representation
is then leveraged to train an interpretable binary classifier 𝜃 , such as XGBoost [13]4 (Section 3.3).
The output of this phase is the trained model 𝜃 . The inference phase resembles a traditional ER
pipeline: a blocking method (in our case, the proposed BKAFI, Section 3.4.1) is first applied to the
input datasets, generating a candidate set𝐶 ⊆ 𝐷𝐼 ×𝐷𝐶 \𝐶𝑡𝑟 (excluding training pairs). This filtered
set is then passed to the matching phase for final prediction (Section 3.4.2).

3.1 Property Vectors
We introduce first the generation of property vectors. Raw meshes, typically expressed as sequences
of 3D coordinates, are not inherently interpretable by machine learning models. Even for human
experts, analyzing raw coordinate data provides limited insight into the structure or semantics of
spatial objects. This low-level representation lacks the abstraction needed to capture meaningful
geometric relationships. While visualization tools (see, e.g., Figures 1 and 2) enable humans to
perceive subtle characteristics and nuances within polygons, translating these insights into machine-
readable features requires a systematic computational approach. To address this challenge we
propose to generate a property vector that encodes various geometric properties of a mesh, enabling
its processing by machine learning algorithms later in the pipeline.

The full set of computed geometric properties, denoted by𝐺 = {𝑔1, 𝑔2, . . . , 𝑔𝑛}, captures a diverse
range of characteristics describing each mesh from multiple perspectives [42]. These properties
encompass dimensions, shape descriptors, boundary complexity, and structural indicators – together
providing a comprehensive geometric profile. Table 1 presents a selected subset of representative
properties used in our pipeline. The rightmost columns of the table provide examples of a candidate
mesh from 𝐷𝐶 (left) and an object from the index set 𝐷𝐼 (right). The complete list of properties,
along with detailed descriptions are available in a technical report.

4Gradient-boosted decision trees, e.g., XGBoost, are considered state-of-the-art for tabular data [51].
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Table 1. Object Properties Computed over each Polygon. The Ind. Example and Cand. Example columns
contain the property values computed for the matching objects in Figure 1.

Property Description Cand. Example Ind. Example
area Total surface area of the mesh. 2924125119 2717459053

num_vertices Number of unique vertices 194 48
defining the mesh.

perimeter Total length of polygon’s boundary. 114043.9 114003.7
perimeter_index Ratio of perimeter to area 1.7 1.6

indicating boundary complexity
convex_hull_area Area of the polygon’s convex hull 108013.9 107877.8

comparing irregularity.
ave_centroid_distance Average distance of boundary 14077.1 16336.8

points from the centroid.
elongation Degree of shape’s elongation. 2.8 3.1

axes_symmetry Symmetry relative to principal axes. 6967.7 8854.1
density Compactness or mass distribution 25640.3 23836.6

within the polygon’s area/volume.

For each mesh 𝑝 in 𝐷𝐼 and 𝐷𝐶 , we compute a property vector 𝐺𝑝 = (𝑔1 (𝑝), 𝑔2 (𝑝), . . . , 𝑔𝑛 (𝑝)),
where each 𝑔𝑖 (𝑝) corresponds to a specific geometric property. The columns Cand. Example
and Ind. Example in Table 1 provide the actual computed values for the real matching pair
illustrated in Figure 1, where the middle object originates from the candidate dataset 𝐷𝐶 , while
the object on the right comes from the indexed dataset 𝐷𝐼 . Although these two objects differ
visually and numerically in several geometric properties, they are still correctly identified as a
match. For instance, the num_vertices property varies significantly (194 vs. 48), while others such
as perimeter and convex_hull_area remain closely aligned. These variations illustrate the role
of our property-based approach in tolerating moderate differences while leveraging consistent
structural signals across sources. To mitigate the effect of scale disparities across properties while
preserving relative magnitudes, we apply a logarithmic normalization to the computed features
using the log(1 + 𝑥) transformation [12, 49]. Formally, we normalize a property value 𝑔𝑖 (𝑝) for a
mesh 𝑝 to be 𝑔𝑖 (𝑝) = log(1 + 𝑔𝑖 (𝑝)).

3.2 Pairwise Feature Vectors
Our goal is to identify matches between objects despite property discrepancies, leveraging both
shared and differing geometric characteristics. With a property vector representing a single mesh,
the next step is to generate feature vectors that encapsulate the pairwise relationships between
corresponding object properties. Formally, we use 𝐹 (𝑃1, 𝑃2) to denote a feature vector over the
pair of meshes 𝑃1 ∈ 𝐷𝐼 and 𝑃2 ∈ 𝐷𝐶 . To capture the mutuality of object properties, we introduce a
division operator that computes the element-wise ratio between corresponding entries in the two
property vectors.

Definition 3 (Division Operator). For meshes 𝑃1 ∈ 𝐷𝐼 and 𝑃2 ∈ 𝐷𝐶 , let 𝐺𝑃1 =

(𝑔1 (𝑃1), 𝑔2 (𝑃1), . . . , 𝑔𝑛 (𝑃1)) be a property vector of 𝑃1 and 𝐺𝑃2 = (𝑔1 (𝑃2), 𝑔2 (𝑃2), . . . , 𝑔𝑛 (𝑃2)) be
a property vector of 𝑃2. The division operator, denoted by 𝐺𝑃1 ÷𝐺𝑃2 , is defined as follows.

𝐹÷ (𝑃1, 𝑃2) =𝐺𝑃1 ÷𝐺𝑃2 (1)
where

𝐹÷ (𝑃1, 𝑃2) [𝑖] =
𝑔𝑖 (𝑃1)
𝑔𝑖 (𝑃2)

, ∀𝑔𝑖 (𝑃1) ∈ 𝐺𝑃1 , 𝑔𝑖 (𝑃2) ∈ 𝐺𝑃2 .

An entry in the feature vector 𝐹÷ (𝑃1, 𝑃2) encodes the proportional variation of a property in the
two objects. By expressing pairwise relationships as ratios (rather than absolute differences), this
representation remains meaningful even when the objects originate from sources with differing
scales or systematic offsets, thereby enhancing robustness to discrepancies across data sources.
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Systematic Discrepancy: Intuitively, one might expect that matching mesh references should
exhibit closely aligned property values. In such cases, the ratios computed by 𝐹÷ (·) would be
approximately 1. However, since the datasets originate from distinct sources with varying ac-
quisition methods, timestamps, and modeling conventions, consistent patterns of variation may
arise, referred to as systematic discrepancy. As all meshes in 𝐷𝐶 come from the same source, they
may collectively deviate from those in 𝐷𝐼 in specific properties. For instance, one dataset may
systematically underestimate dimensions such as area or height, or apply different resolutions or
coordinate transformations. These deviations are not random noise, but rather reflect structured
biases introduced during data collection. We formally define systematic discrepancy next.

Definition 4 ((𝜖, 𝛿)-Systematic Discrepancy). Let 𝐷𝐼 and 𝐷𝐶 denote the indexed and candidate
sets, respectively, and let 𝑔 ∈ 𝐺 be a geometric property. We say that 𝐷𝐼 and 𝐷𝐶 exhibit an (𝜖, 𝛿)-
systematic discrepancy with respect to 𝑔 if there exists a ratio 𝑟𝑔 ∈ R+ such that at least a (1 − 𝛿)
fraction of the known matching pairs (𝑃1, 𝑃2), with 𝑃1 ∈ 𝐷𝐼 and 𝑃2 ∈ 𝐷𝐶 , satisfy

𝑟𝑔 − 𝜖 ≤
𝑔(𝑃1)
𝑔(𝑃2)

≤ 𝑟𝑔 + 𝜖. (2)

𝜖 represents the tolerance allowed for the ratio of geometric property values between matching
pairs. A smaller value of 𝜖 indicates a stricter condition for the matching pairs, implying that the
properties of the pairs should be more similar to be considered a valid match. 𝛿 reflects the efficacy
of the tolerance condition. A smaller value of 𝛿 (closer to 0) implies that a higher proportion of
matching pairs must meet the condition, resulting in a stricter requirement for the consistency of
the geometric properties.

Another perspective on (𝜖, 𝛿)-systematic discrepancy is through the lens of statistical dispersion.
Given a set of ratios

{
𝑔 (𝑃1 )
𝑔 (𝑃2 )

}
for matching pairs (𝑃1, 𝑃2) and a property 𝑔, the standard deviation 𝜎 of

this ratio distribution provides an empirical way to estimate a reasonable 𝜖 value. In particular, if the
ratios are normally distributed, setting 𝜖 = 2𝜎 would cover roughly 95% of the values, corresponding
to 𝛿 ≈ 0.05. Thus, the standard deviation offers a data-driven approach to quantify and validate
systematic discrepancy, with lower 𝜎 implying stronger consistency across sources.

The property values in Table 1 exemplify the phenomenon of systematic discrepancy. For instance,
the convex_hull_area property only slightly differs between the candidate (108,013.9) and indexed
(107,877.8) objects. Conversely, properties like axes_symmetry exhibit more noticeable differences,
despite the objects being a confirmed match (Figure 1). Such patterns, when consistently observed
across numerous matching pairs, indicate systematic (rather than random) discrepancies. While
certain ratios may be inferred through direct computation over the training data, more intricate
relationships between different properties are not always apparent through simple observation.
Instead, we delegate the identification of such geometric consistencies to a learning algorithm,
which can effectively capture and leverage these complex patterns.

3.3 3dSAGER Training Phase
The feature vectors of objects in the training set 𝐶𝑡𝑟 serve as input to a machine learning model
𝜃 for classification. During training, the model learns to map the input feature vectors to binary
labels, where a label of 1 indicates that the mesh pair corresponds to the same real-world entity, and
0 otherwise. The training process optimizes the model parameters by minimizing a loss function
that measures the variation between the predicted and true labels. 3dSAGER is machine learning
model-agnostic, offering a flexible and adaptable framework that can be incorporated into any
model. We emphasize the use of interpretable models, enabling the utilization of feature importance
scores in the blocking phase.
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Fig. 4. An illustration of BKAFI.

3.4 3dSAGER Inference Phase
Equipped with a trained model 𝜃 , we now describe the inference process for blocking (Section 3.4.1)
and matching (Section 3.4.2).

3.4.1 Blocking based on Feature Importance. We introduce a new blocking method, Blocking Key
as Feature Importance (BKAFI ), tailored for geospatial ER for 3D objects. The key insight is that a
small subset of geometric properties captures most of the information needed for matching. Hence,
instead of searching the full feature space, BKAFI restricts the search to a space defined by the most
informative features. To identify these, we trace back the top-ranked features from the trained
model 𝜃 to their originating geometric properties (Section 3.2). For each candidate object, we then
retrieve similar objects from 𝐷𝐼 based on their values in this reduced space. BKAFI introduces
several key differences from traditional blocking methods. It avoids reliance on coordinate data,
operates over features extracted from polygon mesh geometry, and, critically, derives blocking
keys from the trained matcher’s feature importance scores rather than manually selected attributes.
This approach not only improves adaptability to non-standard 3D mesh data, but also ensures that
the blocking process remains lightweight and efficient.
The BKAFI algorithm (see Algorithm 1 for pseudocode and Figure 4 for illustration) receives

as input a trained model 𝜃 , candidate set 𝐷𝐶 , and index set 𝐷𝐼 . 𝐹𝐵 denotes the subset of features
of size (|𝐹𝐵 |). 𝑘 is the number of candidate pairs generated per each object in 𝐷𝐶 , which is also
provided to the algorithm as input.
The algorithm extracts the |𝐹𝐵 | features with the highest feature importance scores from 𝜃

(Line 4). Next, the original geometric properties corresponding to the features in 𝐹𝐵 are mapped
using an inverse function𝜓 −1, resulting in the set𝐺 ′ (Line 5). The algorithm then iterates through
each candidate object 𝑃 ∈ 𝐷𝐶 ∪ 𝐷𝐼 , projects its properties onto the selected subset 𝐹𝐵 to obtain the
property vector𝐺𝑃𝐵𝐾 , and adds it to the candidate set 𝐷𝐶

𝐵𝐾
and index set 𝐷𝐼

𝐵𝐾
(Lines 7–8 and 11-12,

respectively). The index set 𝐷𝐼
𝐵𝐾

is then indexed and stored in 𝐵𝐾𝐴𝐹𝐼𝐼𝑛𝑑 (Line 14). The algorithm
continues by iterating through each modified feature vector 𝐺𝑃𝐵𝐾 in 𝐷𝐶

𝐵𝐾
(Lines 16-19). For each

vector, the corresponding object 𝑃 is mapped back from the feature vector to its item in 𝐷𝐶 and
the 𝑘 nearest neighbors are retrieved from the indexed set 𝐵𝐾𝐴𝐹𝐼𝐼𝑛𝑑 (Line 17). The algorithm then
maps each nearest neighbor back to the corresponding item in 𝐷𝐼 and adds the candidate pair
(𝑃, 𝑃𝐼 ) to the set 𝐶 (Line 19). Finally, the set of candidate pairs 𝐶 is returned as the output of the
algorithm (Line 22).
We use a KDTree index [6, 65], a proven efficient and effective indexing method for low-

dimensional spaces, to index the set 𝐷𝐼 in the |𝐹𝐵 |-dimensional feature space. Its construction
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Algorithm 1 BKAFI: Blocking Key as Feature Importance.

Require: Trained model 𝜃 , candidate set 𝐷𝐶 , |𝐹𝐵 | search space size, index set 𝐷𝐼 , nearest neighbor
parameter 𝑘

1: Initialize modified candidate set 𝐷𝐶
𝐵𝐾
← ∅

2: Initialize modified indexed set 𝐷𝐼
𝐵𝐾
← ∅

3: Initialize set of candidate meshpairs 𝐶 ← ∅
4: 𝐹𝐵 ← Extract top |𝐹𝐵 | features with the highest feature importance scores from 𝜃

5: 𝐺 ′ ← {𝜓 −1 (𝑓 )∀𝑓 ∈ 𝐹𝐵}
6: for each 𝑃 ∈ 𝐷𝐶 do
7: 𝐺𝑃𝐵𝐾 ← 𝐺𝑃 [𝐺 ′]
8: Add 𝐺𝑃𝐵𝐾 to 𝐷𝐶

𝐵𝐾

9: end for
10: for each 𝑃 ∈ 𝐷𝐼 do
11: 𝐺𝑃𝐵𝐾 ← 𝐺𝑃 [𝐺 ′]
12: Add 𝐺𝑃𝐵𝐾 to 𝐷𝐼

𝐵𝐾

13: end for
14: 𝐵𝐾𝐴𝐹𝐼𝐼𝑛𝑑 ← 𝐼𝑛𝑑𝑒𝑥 (𝐷𝐼

𝐵𝐾
)

15: for each 𝐺𝑃𝐵𝐾 ∈ 𝐷𝐶𝐵𝐾 do
16: 𝑃 ←Map 𝐺𝑃𝐵𝐾 to its corresponding item in 𝐷𝐶
17: 𝑘𝐺𝑃𝐵𝐾 ← Retrieve(𝑘,𝐺𝑃𝐵𝐾 , 𝐵𝐾𝐴𝐹𝐼𝐼𝑛𝑑 )
18: for each 𝐺𝑃𝐼 ∈ 𝑘𝐺𝑃𝐵𝐾 do
19: Map 𝐺𝑃𝐼 back to its corresponding item in 𝑃𝐼 ∈ 𝐷𝐼 and add (𝑃, 𝑃𝐼 ) to 𝐶
20: end for
21: end for
22: return 𝐶

(Line 14) takes 𝑂 ( |𝐷𝐼 | log |𝐷𝐼 |) [6], which is a one-time cost and typically negligible compared to
the cost of performing nearest neighbor searches for all candidates in 𝐷𝐶 . Under the assumption
of low dimensionality, each query takes 𝑂 (log |𝐷𝐼 |), making the method scalable for large |𝐷𝐶 |.
While the parameter 𝑘 has little impact on the query complexity, it directly impacts the number
of candidate pairs generated per item, which in turn affects the cost of the downstream matching
phase.
To mitigate pair over-generation, we refrain from returning exactly 𝑘 nearest neighbors. In-

stead, we incorporate a retrieval-time similarity-based pruning, allowing early process termination
whenever the distance in the sub-property feature space is above a calibrated threshold, derived
from training data. This adjustment reduces false positives and supports more efficient matching
without compromising recall. Specifically, we compute distances between matching pairs in the
training set and set a high threshold, e.g., 95-th percentile of the distribution. At inference time,
retrieval of candidates proceeds in increasing distance order until either 𝑘 neighbors are collected
or the distance to the next neighbor exceeds the threshold. It is worth noting that a higher quantile
increases robustness to noise but may miss potential matches, while a lower quantile favors recall
at the risk of introducing false positives.
As for feature set size |𝐹𝐵 |, we empirically observe (Section 5.2.4) that smaller subsets of infor-

mative features, selected in a data-driven manner, yield faster and more effective search.
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Table 2. Statistics of training and test sets averaged over three random seeds. Candidate and index sizes are
shown only for test sets, as they are relevant to the blocking evaluation. The training set is used solely for
learning the matcher.

Set Size Candidates Index Total Pairs

Train Small – – 14,178
Large – – 60,379

Test Small 3,507 9,985 13,789
Large 15,588 97,437 52,586

3.4.2 Matching. The matching process is performed using the candidate set𝐶 , which was obtained
in the blocking phase. The model 𝜃 (Section 3.3), is then used for prediction. For each pair in 𝐶 , we
run the featurization process (Section 3.1), and subsequently pass it through the trained model to
generate a match/ non-match decision.

4 New Benchmark for 3D Geospatial ER
To the best of our knowledge, geospatial ER for 3D objects has not been previously studied, and no
standardized benchmarks exist in the literature. To address this gap, we curated a new benchmark
dataset from the city of The Hague, constructed from two distinct sources, enabling a natural
partition into candidate and indexed sets. Below, we detail the dataset construction process and
describe its different variants. Key statistics are summarized in Table 2.
Data Sources: The 3D City Model The Hague 2022 (the candidate set) is maintained by the munici-
pality of The Hague as part of the Open Data platform.5 It is derived from 2021 aerial photographs
and structured according to the Register of Buildings and Addresses (BAG). The raw data comprises
46 CityJson files, each describing a distinct district, where the coordinate system used in all files is
RDnew, the national coordinate system of the Netherlands.
3DBAG (the index set) is a large-scale openly available 3D building dataset, containing over 10

Million buildings across the Netherlands [63]. The data was automatically generated from three
sources of the Topographic Register of the Netherlands – BAG,6 the National Height Model of the
Netherlands (AHN),7 and TOP10NL8 – using various methods such as aerial photography, terrestrial
surveying and airborne laser scanning. The dataset is publicly available for download9 and is
partitioned into spatial tiles for efficient access. Since our focus is on The Hague, we selected 246
tiles covering more than 100,000 buildings within the city’s boundaries, providing spatial overlap
with the first data source.

Both data sources include unique object identifiers, enabling a direct mapping between them
after standardizing key formats to resolve format inconsistencies. To guarantee data quality and
consistency, we retained only objects (buildings) composed of at least 10 polygons. This threshold
eliminates incomplete or overly simplified structures, ensuring that the retained objects exhibit
sufficient geometric complexity for meaningful evaluation.

Dataset Variants: To ensure robust evaluation, we generate two dataset variants by varying the
training and testing configurations across three random seeds. Specifically, we sample training sets
5https://denhaag.dataplatform.nl/
6https://www.kadaster.nl/zakelijk/registraties/basisregistraties/bag
7https://www.ahn.nl/
8https://www.kadaster.nl/zakelijk/producten/geo-informatie/topnl
9https://3dbag.nl/en/download
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of the following sizes: small (0.1) and large (0.6). These ratios are applied to the intersection of
candidate and index object identifiers to determine the number of matching training samples.
For training, we construct different pair sets for the blocking and matching components. For

blocking we enforce that every object in the candidate set has a corresponding match in the
index setby retaining, in the candidate set, only objects that appear in both sources. For each
such candidate object, its corresponding index object is included to form a positive pair. We apply
negative sampling by generating two non-matching pairs for each matching pair, selected at random.
For matching, to yield a challenging and realistic evaluation scenario, we use the output of the
best-performing blocking configuration (see Section 5.2). Specifically, we generate a candidate pair
set by retrieving the top-3 nearest neighbors for each candidate object in the property space, with
the true match always included, even if it is not among the top-3 results.
To construct the test data, we follow a two-step strategy over both blocking and matching. For

blocking, we generate candidate and index sets by identifying test candidate objects from the two
source intersection, excluding any identifiers used in the training data. For each test size (small
(0.1) and large (1.0)) we randomly sample a subset of remaining candidates, where the ratio in
parentheses indicates the fraction of the remaining candidate pool used. To evaluate BKAFI’s
reduction power we augment the candidate set so that 20% of candidates do not have a matching
object in the index set. The corresponding index set is constructed by copying the sampled test
candidate set, then augmenting it with random samples from the full index object pool. The size
of this additional sample set is determined by applying the same test ratio to the total number of
index objects. For matching, we sample from the unused portion of the intersection between the
two sources, excluding any object identifiers that were present in the training pairs. For each test
size, we sample a set of matching test pairs by selecting candidate objects and pairing them with
their corresponding index matches. To form a set of non-matching pairs, we again use the best-
performing blocking configuration to retrieve the top-3 nearest index objects for each candidate in
the sampled test set. These top-3 results form the set of candidate pairs for evaluation, ensuring
the inclusion of the true match. This design ensures a realistic yet challenging evaluation scenario
for the matcher.

The reported values (Table 2) represent averages computed over the three different random seeds
employed during data partitioning. To the best of our knowledge, this is the first work to leverage
polygon meshes for geospatial ER, introducing a new modality to the domain. To facilitate further
research the dataset is released as a benchmark for geospatial ER for 3D objects.10

5 Empirical Evaluation
Equipped with the new benchmark, we now evaluate 3dSAGER. Section 5.1 describes the experi-
mental setup, followed by blocking and matching evaluation (sections 5.2 and 5.3, respectively).

5.1 Experimental Setup
We outline the experimental framework, starting with a description of an additional dataset used
for our case study (Section 5.1.1). We then provide implementation details (Section 5.1.2), describe
the evaluation metrics (Section 5.1.3), present the baselines (Section 5.1.4) and conclude with key
design choices (Section 5.1.5).

5.1.1 Case Study Data. In addition to our new benchmark (Section 4), we collaborated with a
third-party partner to obtain real-world data from a post-disaster scenario. This data is proprietary
and thus cannot be released publicly. It was collected from two distinct sources and consists of 3D
objects represented in LOD2. The data was generated from point clouds and approximate building
10https://tinyurl.com/3dSAGERdataset
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footprints, with roofs reconstructed using plane adjustment techniques. We retained only objects
with at least 10 polygons, and applied the same partitioning policy as introduced in Section 4,
resulting in 5,472 and 3,705 total pairs for Train and Test, respectively. For the blocking component
analysis, the test set is split into 938 candidate objects and 9,617 index objects. We refer to this
dataset as PDM (Post-Disaster Management).

5.1.2 Implementation Details. All experiments were conducted on a server running CentOS 7,
equipped with 2 Nvidia Quadro RTX 6000 GPUs. To ensure robust evaluation, each experiment was
repeated across three random initialization seeds. Our implementation is publicly available, and
the full list of features used in our experiments can be found in the repository configuration file.
To instantiate the model 𝜃 (see Section 3.3), we evaluated a variety of machine learning algo-

rithms on the Haguesmall dataset, including RandomForest (RF) [10], AdaBoost (AB) [23], Gradient
Boosting (GB) [24], Bagging (B) [9], and ExtremeGradientBoosting (XGB) [13]. We also evalu-
ated a neural baseline implemented as a multilayer perceptron (MLP) with 2 or 3 fully connected
layers. The XGBoost model uses the official open-source implementation,11 while all other models
rely on the Scikit-learn library [59].12 Each model was trained using grid search with 5-fold cross-
validation over a predefined hyperparameter space, with configuration details provided in our
GitHub repository. The Bagging model performance dominated the alternatives (see Section 5.3.2)
and was adopted as the matcher of choice for the evaluation.

5.1.3 Evaluation Metrics. In line with prior work [58], we evaluate blocking effectiveness consid-
ering the tradeoff between match coverage and pruning efficiency. The former is measured by Pair
Completeness (PC), the proportion of matching pairs retained after the blocking step (corresponds
to recall). The second is Reduction Ratio (RR), the reduction in the number of pairwise comparisons
relative to the full cross-product of the candidate and index sets [56]. Unless stated otherwise, RR
is governed by the parameter 𝑘 , set to a maximum of 20, without applying the distance threshold-
based pruning (Section 3.4.1). This value reflects realistic candidate list sizes commonly used in
downstream matching tasks [47, 53]. Efficiency is evaluated in terms of execution time (in seconds).
For matching, in line with prior work [15, 47], we evaluate performance using precision, recall

and F1-score. We also analyze scalability using runtime and memory usage. This includes mea-
suring training and inference time, as well as model size, offering a more comprehensive view of
deployment feasibility.
For the case study (PDM dataset, see Section 5.1.1), we focus on a specific measurable KPI,

Mutual Registration Accuracy (MRA) [72], which can be derived from Recall@K.

5.1.4 Baselines. Since geospatial ER for 3D objects has not been previously addressed in the
literature, there are no established baselines for direct comparison. To enable meaningful evaluation,
we adapt methods from related tasks and construct competitive alternatives to benchmark the
performance of 3dSAGER.
Blocking Baselines:We evaluate the following baselines:
• ViT: Visual representations of meshes are generated by rendering objects as PNG images (see
Figure 1). Embedding vectors are extracted using pretrained Vision Transformer (ViT) models [19],
followed by similarity search using Faiss [35] to retrieve potential matches. We experiment with
two variants: ViT-B/32 and ViT-L/14. This approach tests whether image-based representations
effectively captures structural similarity between buildings, offering a blocking strategy that is
independent of explicit spatial information.

11https://xgboost.readthedocs.io/
12https://scikit-learn.org/
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Fig. 5. RR vs. PC comparison between BKAFI and baseline methods across the different datasets.

• ViT+Contrastive: This baseline builds on the ViT setup by fine-tuning the visual encoder using
contrastive learning. We use training set pairs (as described in Section 4), where each pair consists
of a candidate and an index object rendered as PNG images. The model architecture reuses the
visual encoder from a pretrained Vision Transformer (ViT), and is trained with a contrastive loss
(Cosine Embedding Loss) to pull matching pairs closer in the embedding space while pushing apart
non-matching ones. We use the CLIP implementation of both ViT-B/32 and ViT-L/14 as the backbone
and train for 8 and 5 epochs per random seed, respectively, after observing that the contrastive loss
converges within these ranges. After training, the encoder is used to extract refined embeddings
for similarity-based blocking with Faiss.
Matching Baselines:We use the following baselines:
• ViT+Contrastive: Similar to the blocking setup, we fine-tune a visual encoder using contrastive
learning to bringmatching object pairs closer in the embedding space. However, in this case, the goal
is to perform binary classification (match or non-match). Specifically, we build a lightweight binary
classifier on top of a frozen visual encoder (e.g., ViT-B/32 or ViT-L/14) from the CLIP model [64].
The classifier, implemented as a two-layer feedforward network with ReLU activation, receives the
absolute difference between the image embeddings as input and learns to predict the matching
decision boundary. The model is trained using binary cross-entropy loss (BCEWithLogitsLoss)
over labeled image pairs, with training data constructed from matching and non-matching object
pairs (see Section 4). Training is conducted using the AdamW optimizer with a learning rate of
1e−5 and a batch size of 4.
• LLM (GPT-4o): Given the predominant performance of GPT-4o over other LLMs in traditional
ER problems [62], we implemented an LLM-baseline for geospatial ER for 3D objects. Given
the supervised learning setup, we provided examples in the prompt (in-context learning). The
performance of GPT-4o was inferior and thus omitted from the results. This may be attributed to
the model’s inability to effectively process raw polygon mesh representations.

5.1.5 Hyperparameters and Design Choices. For BKAFI, aside from the detailed component analysis
in Section 5.2.4, we report results using the value of |𝐹𝐵 | (i.e., the number of selected blocking key
functions) that achieved the best area under the PC@k curve (AUC) on the training set. In addition
to comparing different model architectures for matching, we employ the Bagging model for the
ablation study. Feature importance scores computation, used as a preparatory step for blocking, are
performed using a RandomForest model, chosen for its efficiency and fast training time.

5.2 Blocking Evaluation
This section presents the experimental analysis of BKAFI, our blocking approach. We begin by
comparing BKAFI with baseline methods (Section 5.2.1), followed by an ablation study analyzing its

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 286. Publication date: December 2025.



3dSAGER: Geospatial Entity Resolution over 3D Objects 286:15

Table 3. Blocking Execution Time (in seconds)

Method Haguesmall Haguelarge PDM

BKAFI 0.22 1.08 0.08

B/32+Cont. 5.09 279.43 1.29
L/14+Cont. 9.22 421.29 2.50
B/32 2.69 176.75 1.30
L/14 4.91 264.77 2.58

key components, namely normalization (Section 5.2.2), and the property selection criterion used to
define the blocking keys (Section 5.2.3). We also analyze the effect of |𝐹𝐵 |, the number of properties
dictating the search space size and Cardinality, in Section 5.2.4. Finally, we provide a case-study
analysis over the PDM dataset (Section 5.2.5).

5.2.1 BKAFI vs. Baselines. We start by comparing BKAFI against the baseline methods (Sec-
tion 5.1.4), along the dimensions of effectiveness and runtime. Our analysis shows that BKAFI
outperforms all baselines over all experiment settings and does that 1-2 order of magnitudes faster.
Effectiveness: Figure 5 compares BKAFI with the four baseline models in terms of RR versus

PC, with both metrics reported as percentages. Each RR value corresponds to a specific 𝑘 used
in the candidate generation step. For example, for Haguesmall, setting 𝑘 = 20 yields an RR of
100

(
1 − 20×3,507

3,507×9,985

)
≈ 99.7997. Intuitively, being farther to the right on the plot is better, as it

indicates higher PC score for a given RR value.
We first observe that BKAFI dominates the baselines for all datasets. For example, over Haguelarge

BKAFI achieves 𝑃𝐶 = 81% for 𝑘 = 5 (𝑅𝑅 ≈ 99.9949%), compared to 46.9% and 49.4% contrastive
learning-based baselines, B/32+Cont. and L/14+Cont., respectively. All methods experience a
drop in PC while moving from Haguesmall to Haguelarge. This is expected, as a larger index set (97, 437
objects compared to 9, 985) inherently contain more potential options per object from the candidate
set, making the blocking task more challenging. Interestingly, the performance degradation is more
pronounced for baseline methods, particularly the raw ViT-based models, indicating their limited
scalability to larger search spaces. In contrast, BKAFI maintains robust performance across dataset
sizes, with only moderate declines in PC, especially in the low-𝑘 range. This suggests that BKAFI is
better equipped to handle increased data complexity and scale.

On the PDM dataset, which contains simpler geomteries and is thus more challenging for image-
based similarity alone, the gap widens further. BKAFI reaches 𝑃𝐶 = 31.2% at 𝑅𝑅 ≈ 99.948% (𝑘 = 5),
whereas the best baseline, L/14+Cont., only achieves 3.2%, and others below 2%. This sharp contrast
highlights the advantage of BKAFI’s geometry-aware blocking mechanism, particularly where
visual embeddings struggle to capture fine-grained structural cues.

Results demonstrate that BKAFI not only scales well with dataset size but also generalizes better
to diverse 3D modeling conditions, making it a reliable choice for handling geospatial ER for 3D
objects.
Execution Time: Table 3 provides a runtime comparison of all methods across different dataset
sizes. BKAFI is substantially faster than baselines. For example, on the Haguelarge dataset, BKAFI
completes the blocking step in just 1.08 seconds, compared to 279.43 and 421.29 seconds for the
B/32+Cont. and L/14+Cont. baselines, respectively, amounting to over two orders of magnitude
speedup.
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BKAFI’s speedup may be attributed to its compact feature representation (Section 3.4.1). While
the baseline models operate in high-dimensional embedding spaces (512 and 768 for B/32 and L/14,
respectively), BKAFI uses only the most important features as a blocking key. Also, ViT-based
baselines incur overhead due to the exhaustive embedding generation for all objects, a step involving
forward passes through a heavy neural backbone. For the fine-tuned variants, the cost is further
amplified due to a separate training phase over image pairs. Image rendering, a non-negligible
one-time preprocessing step, is excluded from the reported runtime. The comparative analysis
underscores BKAFI’s suitability for large-scale deployments, where efficiency and scalability are
critical.

5.2.2 Effect of Normalization. We now asses property value normalization impact (Section 3.1).
For ease of presentation, we report PC@𝑘 (𝑘 ∈ {1, 5, 20}) instead of RR, as it offers a direct view of
recall at fixed candidate list sizes. As shown in Table 4, normalization consistently improves PC@𝑘
across all datasets, particularly at lower 𝑘 values. For instance, on Haguesmall, PC@1 improves
from 29.5% to 80.6%, and on Haguelarge, from 59.2% to 71.1%. Gains at 𝑘 = 20 are smaller but still
present. On the PDM dataset, although the absolute PC values are lower, normalization still leads
to a measurable gain. For example, PC@5 increases from 28.8% to 31.0%. These results suggest that
normalization is a simple yet effective preprocessing step for enhancing property similarity-based
blocking.

5.2.3 Blocking Key Selection Criterion. An essential component of BKAFI is the selection of blocking
key functions. This step determines the subset of features 𝐹𝐵 used to construct the similarity space
for nearest neighbor retrieval. We propose to use the top-|𝐹𝐵 | features according to their importance
scores extracted from the trained model 𝜃 . We also explore a statistical selection strategy, where
features are ranked based on the standard deviation of their corresponding property ratios across
matching pairs, in ascending order. Intuitively, features with lower standard deviation, indicating
more stable ratios between matched objects, might be more informative for identifying true matches.
Table 5 presents PC@𝑘 of both selection strategies. For Haguesmall, feature importance consis-

tently outperforms standard deviation across all 𝑘 values. This dominance is even more evident
for Haguelarge, particularly at lower 𝑘 : PC@1 improves from 29.9% (standard deviation) to 71.1%
(feature importance). A similar trend appears on the PDM dataset, where PC@1 improves from
11.4% to 16.3%, and PC@5 from 22.1% to 31.0%. While standard deviation may serve as a lightweight,
training-free proxy for feature selection, especially in smaller datasets, feature importance provides
robust performance, particularly in larger and complex settings.

5.2.4 Effect of Search Space Size (|𝐹𝐵 |). A key parameter of BKAFI is the number of selected
blocking key features (|𝐹𝐵 |). This value determines the dimensionality of the property space in

Table 4. PC@𝑘 with and without normalization.

Dataset Normalization PC@1 PC@5 PC@20

Haguesmall
Yes 80.6 88.9 93.1
No 29.5 67.4 88.1

Haguelarge
Yes 71.1 81.0 87.4
No 59.2 78.1 86.3

PDM Yes 16.3 31.0 43.8
No 14.6 28.8 41.2
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Table 5. PC@𝑘 over different blocking key criteria.

Dataset Selection Criterion PC@1 PC@5 PC@20

Haguesmall
Feature Importance 80.6 88.9 93.1

Std 40.2 64.3 80.6

Haguelarge
Feature Importance 71.1 81.0 87.4

Std 29.9 48.6 66.1

PDM Feature Importance 16.3 31.0 43.8
Std 11.4 22.1 35.3

which nearest neighbor retrieval is performed. At runtime, only the top |𝐹𝐵 | properties are used to
construct the vector representations of candidate and index objects.
PC@k vs. Search Space Size (|𝐹𝐵 |): Figure 6 shows how PC@𝑘 varies with |𝐹𝐵 | for 𝑘 ∈ {1, 5, 20}
over Haguelarge. We observe a steep increase in PC as |𝐹𝐵 | grows from 1 to 2–4, with performance
peaking early. In all cases, the highest PC is achieved using a compact feature subset (|𝐹𝐵 | = 3),
after which PC steadily declines and stabalizes at |𝐹𝐵 | ≈ 14.

This observed trend can be attributed to the nature of the blocking strategy: while incorporating a
small number of discriminative properties improves candidate filtering, adding too many properties
leads to over-restriction of the search space. As the size of a blocking key increases, fewer candidate
pairs survive the filter, resulting in PC loss. This is especially pronounced for PC@1, where early
elimination of good candidates becomes more detrimental. These results highlight the importance
of a compact and selective property space in blocking. An aggressive property expansion harms
PC due to reduced overlap, reinforcing the value of principled feature selection in the BKAFI
framework.
Execution Time vs. Search Space Size (|𝐹𝐵 |) and Cardinality: Figure 7 presents the execution
time as a function of the dataset cardinality (the cross product of he candidate and index set), for
three different |𝐹𝐵 | values. The cardinality values shown on the X-axis refer to four variants of
The Hague dataset: the previously defined small and large versions (see Table 2), as well as two
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Fig. 6. PC@𝑘 vs. search space size |𝐹𝐵 | for 𝑘 ∈ {1, 5, 20} across Haguelarge.
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additional variants created specifically for this analysis. Each subplot corresponds to a different
value of |𝐹𝐵 | ∈ {3, 15, 24}, which dictates the dimensionality of the sub-property vectors.

We observe that runtime increases with both data volume and feature dimensionality, as expected.
However, the rate of increase is moderate for lower-dimensional setups (e.g., |𝐹𝐵 | = 3), where even
large-scale blocking remains computationally efficient. For the |𝐹𝐵 | = 24 setting shows a steep rise
in execution time for the largest dataset, exceeding 50 seconds. These findings reinforce that BKAFI
efficiently scales when operating in compact subspaces, a design supported by our earlier results
showing that high recall can be achieved using a small number of features (see Figure 6).

5.2.5 Mutual Registration Accuracy for Post Disaster Management: In post-disaster scenarios such
as the one captured by the PDM dataset (Section 5.1.1), decision-making must account for strict
resource constraints as computational resources are often limited due to urgency, infrastructure
damage, or cost considerations [50, 82]. Therefore, data-driven prioritization is critical. The PDM
literature uses registration-based analysis [72] and, in particular, mutual registration accuracy
(MRA), as a decision-making tool. Basically, MRA reports on the success of identifying same real-
world entities in a symmetric manner, both from the indexed dataset to the candidate dataset
and vice versa, given limited matching resources. In a clean-clean setting (see Section 5.3.3 for
the impact of contamination on the analysis), where 𝐷𝐶 ⊂ 𝐷𝐼 , MRA under budget constraints is
translated into PC (see Section 5.1.3).
BKAFI has an optional pruning mechanism (see Section 3.4.1) to accommodate resource con-

straints requiring smaller candidate sets. In this context, we use the following two metrics. The
relative reduction ratio (𝑅𝑅𝑘 ) measures the proportion of comparisons saved relative to the original
blocking size: 𝑅𝑅𝑘 = 1 − |𝐶 |

𝑘 · |𝐷𝐶 | . The relative pair completeness (𝑃𝐶𝑘 ) captures the pair completeness

after pruning, normalized by the unpruned value: 𝑃𝐶𝑘 =
PC(𝐶 )
PC(𝑘 ) , where PC(𝐶) and PC(𝑘) denote
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Fig. 7. Execution time vs. cardinality of The Hague dataset variants, with different |𝐹𝐵 | values.
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“my resources can only 
support 75% of candidates”

→ 𝑀𝑅𝐴 𝑤𝑖𝑙𝑙 𝑑𝑟𝑜𝑝 𝑏𝑦 10%

“my resources can only 
support 50% of candidates”

→ 𝑀𝑅𝐴 𝑤𝑖𝑙𝑙 𝑑𝑟𝑜𝑝 𝑏𝑦 25%

Fig. 8. 𝑃𝐶𝑘 vs. 𝑅𝑅𝑘 on the PDM dataset, showing how threshold similarity-based pruning affects recall.

the number of true matches after and before pruning, respectively. These metrics help in estimating
the MRA (recall in this case) loss with respect to constraints stated by disaster management experts,
e.g., being able to handle only 75% of the original candidate set size.

Figure 8 illustrates this tradeoff for our case study (the PDM dataset). Each point corresponds to
a different similarity threshold, tracing the curve of achieved 𝑃𝐶𝑘 as a function of 𝑅𝑅𝑘 . Minimal
pruning (i.e., low 𝑅𝑅𝑘 ) retains nearly all true matches, resulting in near-perfect relative recall. Based
on the figure, we can observe that if an expert wants to remove 25% of the candidate pairs due to
different constraints, the MRA (recall) drops by only ∼10%. In scenarios that demand retaining only
half of the candidates, the MRA drops by ∼25%.

5.3 Matching Evaluation
In this section, we evaluate the matching component of 3dSAGER. We begin by comparing its
performance with baseline methods (Section 5.3.1). Next, we assess different machine learning
models used as the backbone of 3dSAGER (Section 5.3.2). Finally, we investigate performance over
different contamination levels in Section 5.3.3.

5.3.1 3dSAGER VS. Baselines. We compare 3dSAGER to baselines.
Performance: Table 6 reports the matching performance of 3dSAGER and ViT-based baselines
across three datasets. 3dSAGER consistently achieves the highest scores across all settings. On
Haguesmall and Haguelarge, it reaches perfect precision with F1 scores of 93.0 and 92.8, respectively,
outperforming both ViT-B/32 and ViT-L/14. On the PDM dataset, 3dSAGER maintains strong perfor-
mance (𝐹1 = 89.6), while ViT-B/32 degrades significantly (𝐹1 = 63.9). Results for ViT-L/14 on this
dataset are omitted, as the model failed to converge, likely due to insufficient signal in the polygon
mesh input and sensitivity to domain-specific variance.
Complexity: Table 7 compares the runtime (in seconds) and model complexity of 3dSAGER (using
the best-performing Bagging model) against ViT-based baselines. Experiments were conducted
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Table 6. Matching performance across datasets.

Dataset Model Pr. Re. F1

Haguesmall

3dSAGER 100.0 87.0 93.0
ViT-B/32 92.4 85.2 88.6
ViT-L/14 94.9 80.4 87.0

Haguelarge
3dSAGER 100.0 86.6 92.8
ViT-B/32 88.4 83.8 86.1
ViT-L/14 87.6 83.2 85.3

PDM 3dSAGER 94.2 85.5 89.6
ViT-B/32 66.6 61.5 63.9
ViT-L/14 - - -

on the Haguelarge dataset using a fixed random seed, with 60,393 training pairs and 52,600 test
pairs. For 3dSAGER , we report the time required to generate property vectors for both splits. This
step is unique to our pipeline and thus omitted for the baselines. Feature vector construction is
computationally negligible and not reported separately. The training time for 3dSAGER includes
grid search over a predefined hyperparameter space, meaning the actual per-configuration training
time is substantially lower.
For 3dSAGER, Evaluation is extremely fast, taking only a fraction of a second for all test pairs.

The learned model has a compact footprint with around 439K nodes and a file size of just 30.88MB.
For the ViT-based models, we report the cumulative training time across all epochs. In our setup,
embeddings are recomputed in each epoch (8 for ViT-B/32 and 5 for ViT-L/14), though in practice
these can be cached to reduce overhead. Inference time refers to embedding generation and similarity
scoring. ViT-B/32 and ViT-L/14 are significantly larger in size, with 88M and 304M parameters
respectively. We do not account for the image rendering stage required to extract mesh images
from CityJSON files for these baselines, as it is performed once and remains constant across runs.

The results highlight the efficiency advantage of 3dSAGER. Training and inference are at least an
order of magnitude faster than ViT-based models, with model size over 10× smaller than ViT-B/32
and 40× smaller than ViT-L/14. Property vector generation, while non-negligible, is a one-time cost
that scales linearly with the number of objects, making it suitable for large-scale use. In contrast,
ViT models require expensive fine-tuning and retain high inference overhead even with cached
embeddings. While 3dSAGER consistently outperforms ViT-based baselines in matching accuracy,
its key strength lies in its lightweight design, combining fast execution with a compact footprint.
Together with the efficient BKAFI strategy (Section 5.2.1), these qualities make 3dSAGER a scalable
and practical solution for real-world geospatial ER at scale.

Table 7. Runtime and space complexity on Haguelarge.

Model Vector Train Inf. Model # Params /
Gen. (s) (s) (s) (MB) Nodes

Train / Test

3dSAGER 446.5 / 511.5 0.55 30.88 438,746
(Bagging) 270.7
ViT-B/32 – 14,421 529 343.5 87,915,009
ViT-L/14 – 53,055 2,402 1,188 304,064,769
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5.3.2 Backbone Model Comparison. Table 8 compares the performance of various machine learning
models used within 3dSAGER for Haguesmall and PDM. On Haguesmall, Bagging achieves the highest
F1 score (93.0), with perfect precision, while XGBoost and Gradient Boosting also perform strongly,
with F1 scores above 89.5. On themore challenging, real-world, PDM dataset,XGBoost yields the best
overall performance (𝐹1 = 89.6), followed by Gradient Boosting and Bagging. MLP underperforms
on both datasets, particularly in terms of recall, suggesting that neural models are less suited to
the low-dimensional, structured feature space of our setting. Overall, these results highlight the
effectiveness and robustness of ensemble tree-based models for geospatial ER for 3D objects.

Table 8. Matching performance of different ML models in 3dSAGER across datasets.

Model Haguesmall PDM
P R F1 P R F1

Rand. Forest 89.5 87.8 88.7 95.9 80.0 87.2
AdaBoost 85.9 85.7 85.8 94.2 80.3 86.7
Gr. Boosting 89.8 89.3 89.5 94.7 84.1 89.1
Bagging 100.0 87.0 93.0 95.6 82.4 88.5
XGBoost 93.6 91.2 92.4 94.2 85.5 89.6
MLP 62.6 68.2 65.2 93.4 56.4 70.0

5.3.3 3dSAGER Over Contaminated datasets. To evaluate the robustness of 3dSAGER in settings
where the dataset is contaminated, we simulate controlled contamination by introducing cross-
source reference swaps into the Haguesmall dataset. This is done by swapping a percentage of
items between the candidate and index sets, in accordance with a predefined contamination level,
varying from 0.05 to 0.5 in increments of 0.05. This setup weakens the systematic discrepancy
assumption, as candidate-index alignment becomes noisier, a condition that mirrors post-disaster
urban reconstruction scenarios where data sources may be heterogeneous or partially overlapping.
We evaluate the F1 score for three classifiers (Random Forest, Bagging, and XGBoost) as the
backbone matcher.
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Fig. 9. Robustness of 3dSAGER to increasing contamination levels on the Haguesmall dataset. Left: overall F1.
Right: F1 over contaminated samples only.

Figure 9 (left) provides the overall F1 score across all test samples as a function of contamination
level. Increasing contamination degrades overall performance due to the difficulty of learning
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consistent matching patterns under noisy alignment. Still, 3dSAGER exhibits robust behavior, with
all backbone models maintaining a relatively slight performance drop (e.g., XGBoost decreases by
only 1.3, from 92.4 at 0% contamination to 91.1 at 50%).
When isolating performance over the contaminated portion of the test set (Figure 9, right), we

observe the opposite trend: F1 improves as contamination increases. This suggests that as the model
is exposed to more contaminated examples during training, it becomes better equipped to identify
such cases at test time. For all backbone models, 3dSAGER stabilizes after a relatively small amount
of contamination, indicating its capacity to adapt quickly to noisy conditions.

5.3.4 Dirty-Clean Setting: Mixed-Source Transferability Analysis. To further challenge our frame-
work, we depart from the clean-clean assumption by introducing a mixed-source setting in which
the candidate and index sets are no longer strictly disjoint. Specifically, we select objects from the
candidate set that have known matches in the index set and move their corresponding matches into
the candidate set. This process is repeated with increased contamination level ranging from 0.05
to 0.5. By the, we introduce ambiguity into the matching structure, as some entities now appear
in the same source (candidate set). Beyond simulating noisy alignment, this setup also serves to
examine the transferability of the trained matcher. Here, the pipeline is executed entirely within
the contaminated candidate set, and the resulting matcher is then applied to the cross-source test
set. This allows us to assess whether knowledge learned in a noisy, within-source scenario can be
effectively transferred to the standard cross-source matching setting.

Figure 10 summarizes the results. All three backbone matchers experience only a slight drop in
F1 when moving from the clean-clean setting (contamination level 0) to the highest contamination
level (0.5), indicating that the transfer from the noisy training environment to the clean test setting
is largely successful. The Random Forest matcher shows a gradual decline from about 88.7 to 87.8,
whereas Bagging and XGBoost maintain are relatively consistent, with no clear sensitivity to the
contamination level. These findings confirm our initial expectation that contamination in training
leads to only minor degradation in clean-test performance.
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Fig. 10. Performance (F1 score) of Random Forest, Bagging, and XGBoost backbone matchers in the dirty-
clean setting across different contamination levels.
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6 Related Work
ER is among the most widely-studied data integration tasks, aimed at identifying correspondences
between data records that refer to the same real-world entity [15, 16, 27, 77]. ER typically consists of
two main steps: blocking and matching. The former reduces the number of candidate comparisons
by grouping likely matches based on predefined attributes or heuristics [45, 55, 57]. The latter
determines whether each candidate pair is indeed a true match. Solutions for ER have evolved over
the years, starting from relying on string similarity between textual elements [33, 34, 44, 48] and
probabilistic approaches [22], and followed by rule-based methods [68, 70]. As the complexity of
data sources increased and the volume of records grew, ER methods adopted machine learning
techniques, offering greater flexibility in modeling complex relationships in data [7, 41]. Recent
approaches increasingly rely on deep learning [36, 53], especially leveraging pretrained language
models for textual data [46, 47, 60, 61, 76]. We now provide a more detailed discussion on Geospatial
ER, 3D Data Featurization and, given the novelty of BKAFI, blocking techniques.

Geospatial ER: Geospatial ER and its extensions exemplify use cases that extend beyond tabular
or textual data sources [38, 66]. Some existing works focus on matching objects based on geographic
information, (i.e., coordinates), obtained from sensors [2, 71]. Another line of works suggests to
incorporate signals such as textual location descriptions. Balsebre et al. [4] presented Geo-ER, in
which graph neural networks generate a unified entity representations based on object textual
attributes along with their location. Barret et al. [5] introduced GeoAlign, a system that allows
users to customize the desired similarity measures and attributes to be used for the matching
decision. Closest to our work is that of Shah et al. [67] that use polygons in 2D space, rather than a
single coordinate, to model an object. They describe spatial relationships between entities based on
distance measures, as well as spatial proximity-based features, such as overlaps and containment,
enabling more nuanced matching decisions. All existing works operate in 2D space and rely on flat
spatial representations, such as centroids, bounding boxes, or polygon overlays, along withmetadata
like textual descriptions. While these representations suffice for relatively simple geospatial objects,
they fall short in capturing the structural complexity of real-world 3D environments. We use 3D
polygon mesh representations, encoding detailed geometric and topological information about
spatial entities. These richer representations enable the extraction of intrinsic geometric properties
that are inaccessible in 2D. The rich representation motivates a shift in matching paradigm: from
location-based or textual similarity to similarity in a geometric property space derived directly
from raw 3D representation.
3D Data Featurization: Several works explore the use of geometric features over 3D spatial

building data, primarily in the context of urban modeling. For example, Labetski et al. [42] review a
wide range of applications in which 3D building metrics are used for tasks like energy consumption
estimation and urbanmorphology analysis, motivating the use of 3Dmetrics in reducing ambiguities
and supporting city complexity parametrization. Jaljolie et al. [32] propose a spatial data structure
for 3D land management, introducing hierarchical 3D primitives and topological reasoning for
volumetric parcels. They also develop a topological-based algorithm to classify spatial relationships
among complex 3D geometries [31]. While these works demonstrate the utility of geometric and
topological 3D features in land administration and urban planning, they do not address ER or
operate directly on raw polygon mesh inputs. Our work fills this gap by generating geometric
featurization from raw 3D, which dictates our novel problem formulation. This connection between
raw 3D data and derived feature space is key to the design of BKAFI, which leverages this structure
to enable efficient and interpretable candidate generation.
Blocking Techniques: Traditional blocking methods rely on cues from structured data, e.g.,

q-grams [39, 54, 58]. In our case, such signals are absent, as inputs are unstructured polygon meshes.
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Modern approaches increasingly rely on embedding-based representations to capture semantic
similarity between entities [11, 73, 81]. These embeddings project entities into a continuous vector
space, where geometric distance serves as a proxy for similarity, a notion that has also been adopted
in related ER sub-tasks, such as active learning [25, 30]. This vector-based reasoning is also central
to unsupervised pipelines such as ZeroER [78], which construct similarity-based feature vectors
over entity pairs to enable learning without labeled data. Existing works propose using variations
of contrastive learning to train a blocker [11, 30, 73]. These approaches operate on tabular data with
textual attributes and typically employ attention-based encoders to generate record embeddings.
The training objective is to pull embeddings of matching pairs closer in the vector space while
pushing apart non-matching pairs. In contrast, Bilenko et al. [7] introduce adaptive blocking
functions based on data-derived predicates. In geospatial ER, blocking methods often assume that
references to the same entity lie near each other in the coordinate space, leading to pointwise
similarity techniques [4, 38, 40]. However, in the absence of coordinate systems or in the presence
of spatial distortions, performance significantly deteriorates, motivating the need for alternative
strategies. BKAFI departs from prior trainable blocking methods in several key ways. First, while
existing approaches learn blocking functions from raw textual attributes or embedding distances
(e.g., using contrastive learning), BKAFI leverages a trained matcher to identify the most informative
geometric properties. Blocking keys are selected based on feature importance scores, focusing on
a meaningful, learned subspace. Second, while traditional geospatial approaches assume spatial
proximity based on flat representations such as object centroids, BKAFI operates entirely in the
geometric feature space derived from 3D polygon meshes. This design allows BKAFI to remain
effective in settings where coordinate systems are unreliable or unavailable, while also ensuring
both efficiency and interpretability.

7 Conclusions
In this work, we introduce 3dSAGER, an end-to-end pipeline for geospatial entity resolution over
3D objects. We levarage a novel featurization process that captures the geometric characteristics
of 3D polygon meshes and serves as the foundation for both the matching model and our novel
blocking technique, BKAFI. To support evaluation and encourage future research, we curated a new
benchmark for geospatial ER over 3D objects. Empirical results on the new benchmark, alongside a
proprietary dataset, demonstrate the effectiveness and efficiency of our approach in addressing the
challenges of both components of the geospatial ER pipelines
In future work, we plan to experiment with datasets exhibiting varying levels of detail, and

expanding the design of the pairwise feature vectors to capture a broader range of spatial charac-
teristics. In particular, we aim to explore reference semantics using a graph representation learning
framework capable of modeling richer structural information embedded in 3D models, such as win-
dows and doors within walls and roofs. Another future work direction will examine properties and
guarantees of BKAFI, with the aim of extending its applicability to other vector-search applications.
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