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Abstract
Data-driven prediction and decision-making increasingly depend on large-scale data lakes 
and machine learning (ML) and deep learning (DL) analytics across a wide range of ap-
plication domains. Nevertheless, although geospatial vector data constitutes a substantial 
fraction of contemporary datasets, it has remained primarily managed within traditional 
GIS and database systems and has benefited only to a limited extent from recent ad-
vances in artificial intelligence (AI). This limitation has been largely attributable to the 
intrinsic characteristics of geospatial information, in particular when represented in vector 
format, like multidimensional spatial coordinates, scale and projection effects, variable-
size geometries, and a broad spectrum of spatial operations, which are difficult to rec-
oncile with the fixed-dimensional inputs typically required by DL models. This paper 
advanced DL-enabled geospatial analytics by enabling AI models and agents to provide 
native access, interpretation, and query processing over geospatial vector datasets. Rather 
than proposing novel architectures, we introduced a methodology for leveraging exist-
ing DL models by properly encoding both geospatial inputs and the spatial operations to 
be estimated. We investigated three representation/architecture families: (i) image-like, 
georeferenced histograms processed with ResNet and UNet, (ii) point- and graph-based 
variants of PointNet++, and (iii) fixed-length geometry embeddings obtained by extend-
ing Poly2Vec combined with a Transformer model. We instantiated these approaches on 
three representative geospatial operators, spatial synopsis, spatial clustering, and walk-
ability estimation, and evaluated them using synthetic and real-world datasets. The results 
demonstrated that all three families could achieve high accuracy in specific configurations 
with distinct trade-offs: graph-based models were most effective for dense data and short-
range interactions, whereas image- and vector-based approaches exhibited superior scal-
ability due to fixed-size inputs, and the image-based approach was particularly effective 
for multi-dataset operations.
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1  Introduction

We are witnessing continuous growth in data-driven scientific methods that rely on abun-
dant real data to inform scientific findings. Most of these applications are based on data 
lakes [1, 2] that store very large datasets and provide scalable analytics. Recent advances 
in machine learning (ML) and deep learning (DL) are transforming data analytics from 
human-driven query execution to model-driven data reasoning. Vector databases [3] now 
enable robust semantic search, powering applications like Retrieval Augmented Generation 
(RAG) [4], which allow AI agents to automatically retrieve relevant datasets for the desired 
task. However, retrieval performance depends on the quality of embeddings produced by 
models such as CLIP [5].

In this context, geospatial information and analytics are attracting increased attention, 
as studies show that about 60-80% of today’s data contains a geospatial component  [6]. 
Example datasets include temperature measurements [7], traffic prediction [8], and online 
text posts [9], with applications in urban planning [10], epidemiology [11, 12], and weather 
forecasting [13]. Meanwhile, geospatial data is still primarily supported in traditional data 
lakes, which creates challenges for its effective and efficient management. In particular, it 
is important to note that geospatial data are commonly represented using two fundamental 
approaches: raster and vector. Raster data represent geographic space as a regular grid of 
cells, where each cell stores the value of a given attribute. This representation is widely used 
for satellite imagery, remote sensing products, and spatial phenomena modeled as continu-
ous fields. In contrast, vector data describe geographic space through a set of discrete spatial 
objects, such as points, lines, and polygons, each associated with geometric and semantic 
properties. For example, in a raster representation, the spatial distribution of hotels in down-
town New York could be modeled by storing in each cell the number of hotels located within 
that area. In a vector representation, the same information would be stored as a collection of 
individual hotel objects, each associated with its geographic location, typically represented 
by point coordinates, together with additional descriptive attributes.

In this paper, we focus on vector geospatial data, as they have received considerably less 
attention in the literature than raster data and pose several unique challenges for AI-based 
analysis. These challenges stem from a number of distinctive characteristics.

First, geospatial data are inherently multidimensional. Unlike traditional data sources 
such as text or time series, spatial data are embedded in two- or three-dimensional space, 
making the identification of correlations and patterns among individual elements more com-
plex. Second, vector data describe geographic entities through geometries and spatial rela-
tionships, requiring the management of issues such as scale, coordinate reference systems, 
map projections, and spatial dependencies associated with the Earth’s surface. Third, geo-
spatial applications rely on a rich set of spatial operations characterized by heterogeneous 
inputs and outputs. Such operations may involve one or multiple datasets and may produce 
either spatial objects or scalar values. Moreover, spatial objects are typically represented 
by a variable number of vertices, while spatial datasets may contain a variable number of 
objects. This intrinsic variability contrasts with the assumptions of most machine learning 
and deep learning models, which generally require fixed-size input representations.

Our goal is to move toward DL architectures that enable AI models and agents to natively 
access, interpret, and query vector geospatial data. Traditional GIS queries and domain-
specific programs cannot easily express or evaluate semantic constraints, as they rely on 
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rigid schemas, explicit predicates, and expert-crafted spatial logic. In contrast, DL-based 
approaches can learn rich representations of geospatial and contextual properties, enabling 
AI agents to perform similarity- and embedding-based queries that better align with human 
intent. However, as discussed above, fundamental challenges remain in representing vec-
tor geospatial data for DL models and in evaluating how well these models capture spatial 
semantics and operations critical for reliable reasoning.

This paper explores how to enrich existing DL models to express a wide range of com-
plex geospatial analytical functions working with vector data. The goal of this work is not to 
develop new models, but rather to provide a methodology for effectively exploiting existing 
models through suitable encodings of vector geospatial datasets. Specifically, we investi-
gate how such models can be used to predict the outcome of selected spatial operations, 
chosen as representative of broader classes of geospatial analytical procedures. This work 
represents a first step toward DL-based geospatial query analytics, laying the foundation for 
AI agents that can efficiently search and reason over thousands of geospatial datasets using 
deep learning.

Figure 1 provides an overview of the proposed method. Traditional approaches require 
a different algorithm for each problem that processes the full dataset to compute an exact 
answer. Although these approaches can be accurate, implementing a separate algorithm for 
every task requires substantial development effort, and repeatedly processing large geospa-
tial datasets can be computationally expensive. In contrast, the proposed method explores 
the use of AI-based models to produce fast approximate answers with minimal task-specific 
development. First, the input dataset is passed through a learned geospatial representation 
component, which transforms vector geospatial data into a form suitable for AI models. 
Then, for each target problem, we train a learned model to approximate the behavior of the 
corresponding algorithm and produce an answer efficiently. Each model is learned from 
sample input–output instances, rather than being manually implemented as a customized 
algorithm.

To achieve this goal, the proposed approach is organized into two main components, 
which are described in greater detail below:

Spatial
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Fig. 1  Overview of the proposed AI-based method for geospatial vector data analysis
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	● Spatial data representation: First, we investigated how three popular deep learning 
architectures can be adapted to process vector geospatial data. The first paradigm is 
an image-based architecture, in which vector geospatial data are transformed into a 
fixed-size georeferenced histogram that serves as a raster representation of the original 
dataset. Each cell stores spatial and non-spatial information describing the geographic 
objects that intersect it. We adopted ResNet [14] and UNet [15] as representative image-
based models. The second paradigm is a graph- and point-based architecture, where 
the input consists of a set of spatial points characterized by geographic coordinates 
and associated attributes. To support vector geospatial data, we designed and evalu-
ated several adaptations of the PointNet++ [16] architecture. The third paradigm is an 
embedding-based architecture, in which geometries are encoded into fixed-length vec-
tor representations. In this context, the term vector refers to a numerical embedding that 
compactly captures the geometric and semantic characteristics of a spatial object. To 
evaluate this approach, we extended the Poly2Vec [17] encoder and integrated it with 
a Transformer architecture [18]. Our initial study showed that all three paradigms can 
effectively address a variety of geospatial learning tasks, although each exhibits distinct 
strengths and limitations.

	● Spatial problem modeling: Second, we modeled three representative geospatial tasks 
using the three data representations and corresponding model architectures described 
above: spatial data synopsis, spatial clustering, and walkability estimation. These tasks 
were selected as representative instances of broader classes of geospatial queries, ena-
bling us to evaluate the effectiveness of the proposed approach across different analyti-
cal scenarios. The selected tasks involve diverse spatial characteristics, including prox-
imity relationships, spatial density, and the interaction among geographic entities. As a 
result, they provide a comprehensive testbed for assessing the ability of the proposed 
representations and learning architectures to capture different spatial phenomena while 
accelerating query processing. More generally, our objective was to investigate how the 
three representation paradigms support the estimation of query results for heterogene-
ous geospatial analysis tasks.

To evaluate the proposed architectures, we conducted an extensive experimental study using 
both synthetic and real-world datasets. The results demonstrated that all three approaches 
can effectively estimate the outcomes of geospatial analytical tasks, although each exhibits 
distinct strengths and limitations. In particular, the graph-based architecture achieved the 
best performance on dense datasets characterized by small distances among geometries, 
where local spatial relationships play a crucial role. In contrast, the image- and embedding-
based architectures exhibited superior scalability because they rely on fixed-size input rep-
resentations. Furthermore, the image-based approach proved particularly effective for tasks 
that involve integrating multiple datasets.

Overall, the contribution of the paper can be summarized as follows. (i) We propose a 
methodology for applying deep learning to vector geospatial data through suitable dataset 
encodings. (ii) We study and compare three representation paradigms: image-based, point-/
graph-based, and embedding-based. (iii) We adapt and evaluate several state-of-the-art 
architectures, including ResNet, UNet, PointNet++, and a Transformer-enhanced Poly2Vec 
encoder. (iv) We validate the approach on three representative geospatial tasks and show 
that DL models can approximate spatial query results accurately and efficiently. (v) We pro-
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vide empirical evidence of the trade-offs among the three paradigms and outline directions 
for future research on learned geospatial query analytics.

The remainder of this paper is structured as follows. Section 3 discusses the three repre-
sentation methods that we considered. Section 4 illustrates the three geospatial problems, 
their definitions, data preparation, and model architectures. Section 5 details the extensive 
experimental evaluation and discusses the results. Following that, Section 2 presents the 
related work. Finally, Section 6 concludes the paper and discusses future directions.

2  Related work

Deep learning for geospatial raster data  – The use of deep learning architectures with 
geospatial data is improving. Recently, libraries like TorchGeo [19] have been introduced, 
which include geospatial foundation models such as [20–23], among others; refer to [24] 
for a recent survey. More recent work has also explored multimodal and location-aware 
pretraining for geospatial imagery, including vision-location contrastive models such as Sat-
CLIP [25] and image-to-location alignment models such as GeoCLIP [26]. However, all of 
these are based on vision models and tailored for geospatial raster data, a different modality 
from geospatial vector data. Since this work focuses on vector geospatial data, we restrict 
our comparison to approaches operating on vector representations. Methods designed for 
raster data are not considered, as they rely on different assumptions and are tailored to a 
fundamentally different representation of geographic information.

Deep learning for geospatial vector data  – Although deep learning has been successfully 
applied to geospatial vector data, full support is still lacking. There have been several pro-
posals for better representing geospatial vector data for deep learning architectures. These 
include [17, 27–29], which all focused on representing a single object, either a point or a 
polygon, and possibly encoding the context around the object. Related location-encoding 
approaches, such as SatCLIP [25] and GeoCLIP [26], further show the importance of learn-
ing reusable geographic embeddings, although they primarily encode individual coordi-
nates or image-location pairs rather than complete vector datasets and spatial operations. 
However, this is very limiting, since many geospatial problems require analyzing large sets 
of geometries, as in the problems we consider in this work. We integrated Poly2Vec [17] 
with the GeoVec architecture, and it is a promising approach. The work in [30] provides 
a survey of different spatial representations, including models for point sets. To the best 
of our knowledge, this is the first work to study point set models for geospatial applica-
tions, analyzing their effectiveness across various spatial operations and identifying existing 
limitations.

Point-set architectures  – Several architectures have been proposed that take a set of points 
as input, and they are mainly related to the points-of-cloud domain, where a set of points 
represents three-dimensional objects. PointNet  [31] was among the first architectures to 
process unordered point sets directly by enforcing permutation invariance, while Point-
Net++ [16] extended this idea by hierarchically capturing local structures at multiple spatial 
scales. We chose to study PointNet++ [16] due to its suitability for the problems we con-
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sider and its hierarchical, multi-scale approach. While we focused on this architecture, we 
kept our discussions general enough so that different layer types can be replaced, since this 
might produce higher-quality results. However, our goal is not to provide the best accuracy 
possible but to learn about the suitability of point-set-based approaches for problems that 
involve geospatial vector data. Other alternatives include graph-based point-cloud models, 
such as DGCNN [32], which dynamically construct neighborhood graphs in feature space, 
and attention-based architectures, such as Point Transformer [33]. Point Transformer’s more 
recent version PTv3 [34] provides more efficient aggregation by using space-filling curves. 
Anyway, it does not support processing attributes associated with points, a requirement for 
all our problems. Also, these new aggregations are not yet integrated with PyTorch Geo-
metric [35], which is the library of choice. There are other alternatives as well, and [30] 
provides a good comparison among them.

Data synopsis  – The KV  metric is based on Ripley’s K function, used in traffic flow, neigh-
borhood accessibility, clustering, and hotspot detection [36–40]. To address scalability, 
Spark-, GPU-, and heuristic-based solutions exist [41–43]. Box counts [44] have been used 
in query optimization [45]. Other applications of synopsis include similarity search [46]. 
More broadly, learned data-management systems have investigated learned synopses and 
data-driven models for approximate query processing, cardinality estimation, and query 
optimization, such as DeepDB [47] and Neo [48]. These works are related in spirit because 
they learn compact representations of data or query behavior, but they do not target vector 
geospatial datasets or spatial operations. Metric selection is application-driven; e.g., [12] 
develops custom metrics, and we considered only a small subset.

Clustering  – This operation has a wide range of applications [49–52], and there has been 
several work on deep learning-based clustering [53–56]. Representative examples include 
Deep Embedded Clustering  [57], which jointly learns feature representations and cluster 
assignments, and DeepCluster [53], which uses clustering assignments as pseudo-labels for 
representation learning. It involves different architectures, custom clustering loss functions, 
and other steps. We focused on supervised learning to show how different representations 
can replicate the operations of existing algorithms. We leave unsupervised geospatial clus-
tering for future work.

Walkability  – We study walkability because it includes spatial joins. There are many ways 
to measure walkability [58], and often it involves OpenStreetMap data [59, 60]. Spatial 
joins are expensive [45, 61–63] and are characterized by the fact that they process two 
datasets at a time. Our aim is to evaluate the effectiveness of different representations for 
capturing spatial join operations rather than advancing walkability estimation.

3  Learned geospatial data representation

Geospatial vector datasets consist of collections of records containing geometric shapes and 
non-geometric features. These data cannot be processed directly by existing DL architec-
tures, and a conversion step is required to transform them into a more suitable representa-
tion. This step is not always straightforward, as it may, depending on data characteristics, 
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result in the loss of information that affects the quality of the predictions generated by the 
trained models. The remainder of this section introduces a set of preliminary definitions and 
then presents the three considered approaches, GeoImg, GeoGraph, and GeoVec, for prop-
erly representing geospatial data and for exploiting existing DL models to address a set of 
well-known geospatial problems. As will become evident in the following, applying these 
approaches requires specific preprocessing and transformation steps to obtain a representa-
tion suitable for geospatial tasks.

3.1  Preliminary definitions

This section presents a set of preliminary definitions that will be leveraged during the inves-
tigation of the generalized capabilities of a DL model in understanding and reasoning about 
geospatial data.

Definition 1  (Geospatial Dataset) A geospatial dataset D is a set of vector geometries with 
attributes defined as follows:

	 D = {gi | gi = ⟨type, coords, attr⟩}� (1)

where each geometry gi ∈ D is a tuple including the type of geometry, which could be, for 
instance, “Point”, “LineString”, or “Polygon”, an ordered list of coordinates, each one as 
a pair (longitude, latitude), representing together the position and shape of each object. 
Finally, each geometry could also be associated with a list of attributes attr from different 
domains, such as numerical or textual values.
In the following, the set of possible geospatial datasets represented in this form will be denoted 
as D. As an example, a dataset D ∈ D containing a set of points, each associated with a tem-
perature value, will be represented as a set D = {gi | gi = ⟨“Point”, (longi, lati), tempi⟩}.

Given the representation of a geospatial dataset, geospatial operations can be represented 
as analytical functions with one of the following generic signatures, involving at least one 
geospatial dataset D and a set of optional parameters, denoted below in square brackets, and 
producing an outcome that could consist in simply one or more scalar values, or in a new 
geospatial dataset, as formalized below.

Definition 2  (Geospatial operation) A generic geospatial operation can be represented as an 
analytical function with one of the following signatures:

	● f(D[, params]) → m: where m can be either a single real number, m ∈ R, or a list 
of real numbers, m ∈ Rd1 , or a k-dimensional grid of real numbers, m ∈ Rd1×···×dk . 
This represents a function that processes a single spatial dataset and produces a simple 
outcome value.

	● f(D, D′′[, params]) → m: where m can have one of the structures listed in the previ-
ous point. This represents a function that processes two spatial datasets and produces a 
simple outcome value.

	● f(D[, params]) → DT : where DT  is an output geo-spatial dataset produced starting 
from the input ones. This represents a function that operates on two spatial datasets and 
produces a new spatial dataset as output.
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	● f(D, D′′[, params]) → DT : where, as described in the previous point, DT  is an output 
geo-spatial dataset produced starting from the input ones, but in this case it is produced 
starting from the combination of two datasets D and D′′.

With reference to the possible outcome produced by a geospatial operation, we can consider 
the cases where the target m ∈ R2 is the position of the point with the maximum average 
temperature, while DT  can be the input dataset D where to each geometry an additional 
attribute label is added that is produced by f through a clustering of D. Note that for some 
problems, the geometries in DT  can be the same as D, like in the mentioned clustering case, 
a subset of it, like in a spatial join operation, or a transformation of it, like in a reprojection 
operation. In all cases, the function f may also take additional parameters ([, params]), such 
as a distance threshold for clustering or a filter window for range query selection.

Our goal is to train a set of DL models that approximate analytical functions f involv-
ing complex geospatial operations and to assess their ability to understand the intrinsic 
characteristics of geospatial data in producing the desired results. The main objective 
is to investigate how a geospatial dataset can be effectively represented using one of 
three approaches: image-based, graph-based, or vector-based, to achieve this purpose. 
Indeed, current DL techniques cannot directly process a geospatial dataset D or generate 
target values for its geometries. For this reason, the next section discusses three possible 
approaches for representing a geospatial input dataset D. Notice that the choice of each 
of these representations also determines the design of the network architecture used to 
estimate the spatial operation.

3.2  GeoImg: image-based representation

This section describes our first representation approach: an image-based one. This represen-
tation is inspired by Convolutional Neural Networks (CNNs), which are commonly used for 
image processing. We chose this as our first approach because CNNs preserve the spatial 
structure of data and can learn local spatial patterns. This makes them versatile and poten-
tially suitable for modeling a variety of spatial problems that rely on translation-invariant 
features. Representing our data as an image enables the use of existing CNN architectures. 
The simplest approach for converting our data to an image is to rasterize it. In graphics, 
rasterization means plotting the shapes as an image of a given resolution, similar to render-
ing them on a map. However, one drawback of this solution is that it loses subtle features 
at low resolutions, making it less versatile and better suited to smaller regions and sparse 
data. A common way to overcome the limitation described above and produce a rasterized 
version of a spatial vector dataset is to build a histogram of the dataset. Histograms work 
by dividing the input reference space, i.e., the geographical region, into a grid of fixed-size 
cells and storing a summary of the geometries that fall within each cell. Previous work used 
a similar representation to address specific geospatial problems, but it typically tailored the 
representation to a specific problem or a specific set of input datasets.

In this paper, we propose a methodology to enrich the histogram-based representation 
and generalize it to a variety of problems, including those involving multiple datasets and 
those involving thematic attributes associated with geospatial objects. More specifically, we 
introduce GeoImg, an approach for representing geospatial data as histograms and leverag-
ing image-based DL models to address geospatial problems. The next section introduces the 
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characteristics of this type of representation by discussing suitable aggregate functions for 
summarizing the geospatial content of each cell. After defining the histograms, it becomes 
straightforward to utilize existing CNN architectures such as ResNet [14] and UNet [15] to 
encode functions in the forms described in Def. 2, representing geospatial problems.

Dealing with the GeoImg representation requires specifying five tasks, each one focused 
on the representation of (i) geometry positions, (ii) non-geometric features, (iii) an entire 
input dataset, (iv) multiple input datasets, and (v) target values.

3.2.1  Representing geometries

To represent geometries in a histogram, we first needed to transform the coordinates into 
a metric reference system, particularly when positions are represented as latitude and lon-
gitude, to ensure consistent distance computations between objects and intersection iden-
tification with grid cells. Once coordinates had been transformed into the desired metric 
reference system, we computed the Minimum Bounding Rectangle (MBR) of the whole 
dataset D to determine its reference space. Then, we selected a histogram size s, i.e., number 
of rows and columns, to compute the desired subdivision of the reference space into cells. 
Finally, we defined a spatial aggregate function fsa(D, c), which returned for each cell c an 
aggregate value for the geometries of D that intersect c.

Definition 3  (Spatial Aggregate Function) Given a spatial dataset D ∈ D projected into met-
ric reference space and a grid cell c ⊂ R2, a spatial aggregate function fsa : D × R2 → R 
returns an aggregate value v ∈ R describing the geometries of D intersecting the cell c.

A possible aggregate function is fF count(D, c), which returns the number of geometries in 
D intersecting a grid cell c divided by the dataset cardinality |D|. In this case, the value of 
each cell in the histogram is the percentage of all geometries that intersect the range of coor-
dinates the cell represents, and the sum is always 1.0 for points but can be larger for other 
geometries when some shapes intersect multiple cells. Other spatial aggregate functions 
could also be defined for geometries, depending on the problem the model needs to solve, 
particularly when the input geometries are not simple points but polygons or linestrings. 
Indeed, in the presence of more complex geometries, it would be useful to add information 
about the average area, length, or number of coordinates of the geometries of D intersecting 
the cell c.

Definition 4  (Positional Histogram) Given a spatial dataset D ∈ D, a geometric aggregation 
function fsa : D × R2 → R, and a histogram dimension s ∈ N, the positional histogram

	 Hp(D) = Histogram(D, fsa(), s)� (2)

is a grid covering the MBR of the dataset D in a metric reference space, having s × s cells 
each one populated by using the spatial aggregate function fsa().
Given the positional histogram Hp(D) describing the geometries in D, we also needed to 
represent the non-geometric attributes characterizing the elements in D.
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3.2.2  Representing non-geometric attributes

To represent the additional attributes associated with the geometries in D, namely, the attr 
part of the geometries in D, we built for each a ∈ attr an additional histogram with the 
same size s identified for the positional histogram Hp(D), but populated through a specific 
aggregate function. As a result, when |attr| = j and we used one aggregation function per 
attribute, we ended up with j thematic histograms, which were summarized by a single 
stacked thematic histogram.

Definition 5  (Stacked thematic histogram) Given a spatial dataset D ∈ D where each 
geometry is characterized by a set of attributes attrs = {a1, . . . aj}, and a set of aggregate 
functions fai

: A → R one for each attribute, where A denotes a generic domain for the 
thematic attribute values, the stacked thematic histogram

	

Hattr(D) =




Histogram(D, fa1 (), s)
...

Histogram(D, faj
(), s)


� (3)

is obtained by stacking on top of each other a set of grids covering the MBR of the dataset 
D in a metric reference space, having s × s cells. At each level i ∈ {1, . . . j}, each cell c is 
populated by applying the aggregate function fai () on the thematic attribute ai ∈ attrs of 
the geometries of D intersecting the cell c.

3.2.3  Representing a single dataset

Given the positional histogram and the stacked thematic histogram of a dataset D, the Geo-
Img representation of an entire dataset was obtained by stacking the thematic histogram on 
top of the positional histogram, yielding the global histogram of D.

Definition 6  (Global histogram) Given a dataset D ∈ D together with its positional histo-
gram Hp(D) and its stacked thematic histogram Hattr(D), the global histogram H(D) of D 
is obtained by stacking Hattr(D) on top of Hp(D):

	

H(D) =




Hattr(D)
...

Hp(D)


� (4)

In this way, the final representation of an input dataset D ∈ D is a (j + 1)−dimensional 
stacked histogram H(D) ∈ R(j+1)×s×s. This histogram could be represented as a tensor 
TH  with shape(TH) = (j + 1, s, s), which could be directly given as input to the consid-
ered DL model.

3.2.4  Representing multiple datasets

In the case where the geospatial operation to be considered requires multiple input datasets 
D1, . . . , Dd, we first needed to create a global histogram for each dataset Di based on the 
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global metric reference space, i.e., the MBR of the union D1 ∪ · · · ∪ Dd, and by using the 
same histogram size s. Given all these global histograms, they were combined into a unique 
global histogram H(D1, . . . , Dd) by stacking them on top of each other. This operation 
was quite straightforward, since they were all at the same resolution and shared the same 
reference space.

Definition 7  (Global compound histogram) Given a set of datasets D1, . . . , Dd together 
with their global histograms H(D1), . . . , H(Dd) all computed with respect to the same 
global metric reference space and by using the same size s, the global compound histogram 
H(D1, . . . , Dd) summarizing all of them is obtained by stacking them on top of each other:

	

H(D1, . . . , Dd) =




H(D1)
...

H(Dd)


� (5)

For example, given two input datasets D1 and D2, each one characterized by geometries with 
j1 and j2 thematic attributes, respectively, and a histogram size equal to 64, we will have a 
global histogram H1 ∈ R(j1+1)×64×64 for D1, and H2 ∈ R(j2+1)×64×64 for D2. Given that, 
we can combine them into one global compound histogram H(D1, D2) ∈ R(j1+j2+2)×64×64,  
which can be represented as a tensor TH  with shape(TH) = (j1 + j2 + 2, 64, 64).

3.2.5  Representing target values

As discussed in Def. 2, the expected output of a spatial operation can be (i) a vector m of 
numbers (i.e., m ∈ Rd1 ), (ii) a k-dimensional grid m of numbers (i.e., m ∈ Rd1×···×dk ) or 
(iii) a target dataset of geo-spatial objects DT  with a maximum number of output values 
vmax.

In the first two cases, the output can be generated, as a resulting histogram, directly by 
the model itself, since a CNN typically produces a list of values as results. The output will 
be essentially presented as a tensor T with shape(T ) = (d1), or shape(T ) = (d1, . . . , dk),  
respectively.

However, in the third case, an output for each target geometry in DT  must be generated. 
Notice that the dimension of the output |DT | does not necessarily need to be the same as the 
input |D|, even though it can be the same for many applications. Suppose that |D| = |DT | 
and for each geometry in input the output is a vector of features (v1, . . . , vmax). In this case, 
the model will build a new output histogram for each feature, where each histogram cell c 
summarizes the output feature for the geometries of D that intersect c. The final result can 
then be represented by a tensor T with shape(T ) = (|DT |, vmax), obtained by computing 
the target values for the geometries in each cell.

3.2.6  Model architecture

As previously mentioned, we used CNN-based architectures for dealing with image-based 
representation. The specific architecture depends on the type of desired target. In particular, 
for problems with a fixed target size m ∈ Rd1  or m ∈ Rd1×···×dk , we used a ResNet [14] 
architecture, like the one shown in Fig. 2. In this example, the network takes our histo-
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gram representation of the input dataset D and produces a fixed-size output. Conversely, for 
problems with variable output size, namely those that produce a target dataset of geospatial 
objects DT , we used a UNet [15] architecture, and the target is represented, as discussed 
earlier. The first part of a UNet is similar to a ResNet, but it has additional layers that per-
form up-convolution to produce an image output. UNet architectures are typically used for 
problems such as image segmentation [15]; here, we used them to estimate quantities based 
on the geographic positions of geometries.

While the representation of geospatial datasets through our model proposed in this sec-
tion can capture more information than rasterizing the geometries alone, it still has draw-
backs. One drawback is that it cannot capture small patterns that are smaller than the cell 
size. Also, all geometries within the same cell will have the same output features. For these 
reasons, we considered alternative approaches with other model types, i.e., GeoGraph and 
GeoVec, that avoid this type of data loss.

3.3  GeoGraph: graph-based representation

This section introduces a second representation approach that is tailored for graph-based DL 
architectures. Specifically, we focused on point-set-based approaches that build a nearest-
neighbor graph at run-time.

This architecture operates directly on a set of points and is inspired by point-cloud-based 
models, e.g., PointNet++ [16]. A graph-based representation provides a richer description of 
the space and enables the model to capture local relationships among points more accurately 
than an image-based approach does. The same properties that enabled this approach to be 
successful in the point-cloud domain can also be beneficial in the geospatial domain. Addi-
tionally, one advantage of this approach over GeoImg is that it works directly with variable-
sized datasets D, whereas an image-based approach represents any input dataset D using a 
fixed-size histogram, potentially leading to information loss. Therefore, this approach does 
not require a heavy pre-processing step. However, geospatial problems exhibit character-
istics that differ significantly from those typically addressed by generic point-set learning 
approaches. These differences arise from the inherent relationship between geographic data 
and the Earth’s surface, as well as from the richness and complexity of spatial representa-
tions. Indeed, in conventional point-set models, each node generally corresponds to a point 

Fig. 2  Architecture of the GeoImg model (ResNET will be substituted by UNet when the output is a 
dataset of geospatial objects)
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within a global spatial structure. In contrast, geospatial applications often require nodes to 
represent spatial entities with potentially complex geometries, embedded in a specific geo-
graphic reference system, while edges encode spatial relationships and interactions among 
such entities.

To the best of our knowledge, point-set-based architectures have not yet been sys-
tematically investigated for the joint representation of geospatial geometries and spatial 
operations. The remainder of this section introduces GeoGraph, a possible point-set-based 
representation framework for vector geospatial data.

3.3.1  Representing geometries

In this approach, a geospatial dataset D is represented as a graph, where each node corre-
sponds to a geometry gi ∈ D and edges represent neighbor relationships. Clearly, as in the 
GeoImg approach, a transformation of the coordinates to a metric reference system was also 
needed, along with normalization of each coordinate to [0..1], to correctly and efficiently 
represent distance and position properties.

The original PointNet++ model has been tailored to represent a set of points, so when the 
dataset D contains only geometries of type “Point”, the representation of D in this model 
is straightforward. Indeed, in the case |D| = n, nodes were overall represented as a Tensor 
G ∈ Rn×2, where each point is given by a tuple whose first element is the longitude, and 
the second is the latitude, both transformed in the metric reference space and normalized 
between zero and one

However, geospatial datasets may contain other geometry types, and in this case, it is 
necessary to encode the input to make the use of the PointNet++ model feasible. In particu-
lar, in the proposed GeoGraph model, each geometry gi ∈ D was represented by its centroid 
point, to preserve location information, together with additional geometry descriptor attri-
butes that captured the object’s shape and extent. Examples of such geometry descriptors 
include the area, length, and width of a geometry, or, more generally, the coordinates of 
the Minimum Bounding Rectangle (MBR) of the geometry, as proposed in this paper. This 
made the representation of each geometry gi ∈ D as a tensor G ∈ Rn×6, where the first two 
elements represented the centroid coordinates, while the last four elements described the 
coordinates of its MBR, all transformed and normalized.

Definition 8  (Geometry position tensor) Given a dataset D ∈ D containing n geometries 
whose coordinates have been translated into a metric reference space and normalized 
between 0 and 1, its content is represented by a geometry position tensor G of size Rn×6

	 G = {⟨longi, lati, mbri
x0

, mbri
y0

, mbri
x1

, mbri
y1

⟩}n
i=1� (6)

where for each row i the first two elements represent the centroid of the geometry gi ∈ D if 
the type of gi is different from “Point”, or the coordinates of gi otherwise, while the other 
four elements represent the coordinates of the MBR of gi.
Let us notice that with respect to the GeoImg, in this case, all geometries in D have a direct 
representation in the tensor G, whose dimension depends on the number n of geometries in 
D, while in GeoImg the size of the input does not depend on the number of input geometries 
but on the fixed and predefined histogram size s.
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3.3.2  Representing non-geometric attributes

Given a dataset D, additional attributes associated with its geometries can be represented as 
a thematic tensor A ∈ Rn×j , where n is the cardinality of D and j is the number of thematic 
attributes, so each row contains the list of attribute values associated with the corresponding 
geometry gi in G. Pre-processing can include normalizing features within each dataset D 
independently or using global statistics across a collection of datasets of interest.

Definition 9  (Attribute tensor) Given a dataset D ∈ D containing n geometries, each one 
characterized by j thematic attributes attrs = {a1, . . . , aj}, the values of these attributes 
across the geometries gi ∈ D are represented by an attribute tensor A of size Rn×j :

	 A = {⟨ai
1, . . . , ai

j⟩}n
i=1� (7)

3.3.3  Representing a single dataset

Given a geospatial dataset D together with its position tensor G and attribute tensor A, the 
GeoGraph representation of D is given by the pair of these two tensors, which together will 
represent the two inputs for a GeoGraph model.

Definition 10  (Graph dataset tensor) Given a dataset D ∈ D, its graph dataset tensor is 
given by the pair: ⟨G, A⟩, where G is the geometry position tensor of D and A is its thematic 
attribute tensor.

3.3.4  Representing multiple datasets

In case the geospatial operation of interest requires multiple input datasets D1, . . . , Dd, 
GeoGraph simply requires generating a geometry position tensor G and an attribute tensor 
A for each one of the input datasets. However, in this case, the positions must all be normal-
ized using the MBR of the union of all input datasets before generating the position and 
attribute tensors. The model will then accept multiple position and attribute tensors and join 
them appropriately, based on the considered operation, as we will describe in Sec. 3.3.6.

3.3.5  Representing target values

As for the previous model and as discussed in Def. 2, the target value m can be (i) a vector 
of numbers (m ∈ Rd1 ), (ii) a k-dimensional grid of numbers (m ∈ Rd1×···×dk ) or a target 
dataset of geo-spatial values DT .

In the case of a single aggregate prediction for the entire dataset D, the target becomes 
a tensor m with a fixed shape. Depending on the range of values, we might need to normal-
ize them to improve the model’s performance. If we had a target set of geometries, DT ,  
we needed to represent them similarly to the positions tensor G for the input dataset. In 
particular, the target tensor M would have its first dimension equal to the cardinality of DT ,  
while the other dimensions would be fixed, similar to m, depending on the shape of the 
target values. As for the previous cases, the number of geometries represented in DT  can be 
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exactly the same as the number of geometries in D, but this is not always necessary, since 
the specific problem can generate values for geometries different from those in the input.

3.3.6  Model architecture

The model architecture is slightly different depending on the number of input datasets and 
the shape of the target value. An example of the architecture of this model for problems with 
a single input dataset and a fixed target size m is shown in Fig. 3, where to avoid cluttering 
the notation, a dataset composed of geometries of type “Point” is assumed, so no further 
information about the geometry’s MBR is needed in the geometry position tensor G. The 
model architecture takes as input the position tensor G and the eventual attribute tensor A 
and consists of four main layers.

The core component of the model is the Set Abstraction (SA) layer, which hierarchically 
extracts local spatial features from the input point set. Each SA layer consists of three main 
steps.

(i) First, a sampling step selects a subset of points to be propagated to the next layer. 
Sampling is performed using Farthest Point Sampling (FPS), which iteratively selects points 
that maximize the distance from previously selected points, ensuring representative cover-
age of the spatial domain.

(ii) Second, a neighborhood grouping step identifies the local region associated with 
each sampled point. This operation is implemented using a range query parameterized by 
a search radius and a maximum number of neighbors, which collects nearby points around 
each centroid.

Third, the coordinates and attributes of the points belonging to each neighborhood are 
processed by a multilayer perceptron (MLP), which constitutes the only trainable compo-
nent of the SA layer. The MLP learns a latent representation that captures local geomet-
ric and semantic patterns, and the resulting features are aggregated to produce a compact 

Fig. 3  Architecture of the GeoGraph model
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description of each sampled neighborhood. The output of an SA layer consists of the sam-
pled points together with their learned feature representations. Multiple SA layers can be 
stacked hierarchically to capture increasingly larger spatial contexts. The final SA layer is 
replaced by a Global Set Abstraction layer, which aggregates information from the entire 
input dataset into a single global representation. This representation is then fed to a final 
MLP that produces the target output m.

The “Set Abstraction” layers enable the model to work with variable-sized inputs. The 
first abstraction layer summarizes more localized information, while subsequent abstraction 
layers summarize information at a more global scale. What differentiates an SA layer from a 
traditional sampling operation is that the latter simply selects a set of representative points, 
whereas the former can identify the local structure of the sampled points.

To handle multiple input datasets, an initial SA layer was added to join them. The idea 
was to use one dataset as the reference points and the other as the sampled points. From this 
layer, we obtained a set of features for each point in the second dataset, based on its nearest 
points in the first dataset.

For problems with a target value represented by a dataset DT , additional layers are used 
at the final stage. These layers are called “Feature Propagation Layers” and they work by 
reversing the process, generating new features for the larger point set in the previous layer 
from the features of the points in the lower layer, until producing one prediction for each 
point in the target dataset. The features are interpolated by finding the k-nearest neighbors 
among the points from the previous step and using an MLP to generate a new feature for the 
target point. The reader can refer to [16] for more details about this architecture.

3.4  GeoVec: vector-based representation

This section introduces the third considered approach, which is based on a Transformer 
architecture [18]. Transformers are mainly used for natural language processing (NLP) 
applications, but have been successfully applied to a variety of tasks, including geospatial 
data [64]. However, there are still challenges with its generalization to different types of 
geospatial problems, and it is not clear how it compares with other approaches. In general, a 
transformer-based approach requires less pre-processing and is more flexible than GeoImg. 
However, it is less flexible than GeoGraph, since it imposes a fixed upper bound on the 
number of geometries.

The remainder of this section introduces GeoVec, a Transformer-based architecture, 
where geo-spatial objects are represented as vectors. Like the other models, it is character-
ized by the components described below.

3.4.1  Representing geometries

In NLP, words are typically represented using word vectors and positional encoding, pre-
serving relationships among words. Similarly, for geospatial objects, we had to use embed-
dings that preserve their spatial relationships. To achieve this, we used Poly2Vec [17], a 
recently proposed geospatial encoder that produces vector embeddings that ensure three 
important geospatial properties: shape preservation, direction preservation, and distance 
preservation, while maintaining task flexibility. The core idea of Poly2Vec is to represent 
a geometry g as a complex boundary signal: g(t) = x(t) + iy(t) and compute its Fourier 
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coefficients Fg(k) based on its discretized boundary (i.e., k ∈ {1, . . . , n} where n is the 
number of vertices of g). Each Fourier coefficient Fg(k) ∈ C corresponds to a harmonic fre-
quency k and can be decomposed into two real-valued components: the magnitude z, which 
reflects the geometry size and the overall shape, and the phase ϕ, which encodes the posi-
tional and orientational information of the geometry [65]. At the same time, since any ML 
model typically requires a fixed-size upper bound e for the input sequence, only a subset of 
the frequencies K is retained, which can be different from the number of vertices of g. This 
operation can be interpreted as a form of spectral sampling, and this is one of the reasons 
Poly2Vec can produce fixed-dimensional embeddings regardless of the number of vertices.

Given this intuition, the geometry embedding can be computed as defined below.

Definition 11  (Geometry embedding) Given a geometry g represented as a sequence of 2D 
vertices (x1, y1), . . . , (xn, yn),

	● g is modeled as a complex boundary signal: g(t) = x(t) + iy(t) and its Fourier coef-
ficients Fg = {Fg(k)}n

k=1 are computed.
	● A subset K ⊆ {1, . . . , n} of selected frequencies is identified as a fixed chosen hyper-

parameter, and Fg  of g can be represented as a vector of |K| complex coefficients cor-
responding to selected frequencies.

	● Fg  can be decomposed into two real-valued vectors: z = {zk}k∈K, representing the 
magnitude, and ϕ = {ϕk}k∈K, representing the phase.

	● The two vectors z and ϕ are concatenated and passed to a final MLP h : R2×|K| → Re 
to produce the final geometry embedding with dimension e: v = h([z, ϕ]) ∈ Re.

Notice that the final MLP acts as a learnable projection from the spectral feature space 
R2×|K| to a latent space Re, allowing dimensionality reduction or expansion depending on 
the chosen architecture. However, e < 2|K| is typically the case, since its objective is to 
learn a more compact representation that removes redundancy and optimizes downstream 
tasks. This is particularly true for complex geometries, such as polygons or linestrings, but 
does not hold for point datasets. In this way, Poly2Vec can handle variable-length vertex 
sequences and transform them into a fixed-dimensional embedding.

Poly2Vec is a geometry encoder, not a sequence model, so it processes one geometry at 
a time, and it does not model interactions between geometries. However, given the embed-
ding of a single geometry, we can also consider the embedding of an entire dataset D. 
The idea is to combine the set of vector representations vi ∈ Re of each geometry gi into 
an embedding matrix M = {vi ∈ Re}n

i=1 where n is the number of geometries in D. The 
embedding matrix M representing the overall spatial dataset will serve as input to a subse-
quent Transformer model that encodes the spatial operation. However, since a Transformer 
architecture has a fixed upper bound b for the input sequence, it was necessary to perform 
padding if n < b or sampling if n > b. Therefore, the final dataset embedding passed to the 
Transformer model had a fixed size of b × e.

Definition 12  (Spatial dataset embedding) Given a dataset D ∈ D composed of n geom-
etries D = {g1, . . . , gn}, and a fixed upper bound b ∈ N for the input sequence, its encoding 
is an embedding matrix M ∈ Rb×e where each row i ∈ {1, . . . , b} is the vector encoding 
vi ∈ Re of the i-the geometry in D:
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M =




v1 = h([z1, ϕ1])
...

vb = h([zb, ϕb])


� (8)

3.4.2  Representing non-geometric attributes

The thematic attributes are represented similarly as discussed in Section 3.3.2 for GeoGraph. 
However, this step only includes the attributes of the sampled objects. After this step, the 
attributes tensor is always A ∈ Rb×j , where j is the number of attributes and b is the number 
of sampled geometries. In addition, the values are normalized similarly to GeoGraph.

3.4.3  Representing a single dataset

Given a geospatial dataset D whose geometries are represented by a spatial dataset embed-
ding M and their corresponding thematic attributes are given by a tensor A, the global spatial 
embedding was obtained by concatenating the two, so that the input to the Transformer 
model became a tensor T of shape shape(T ) = (b, e + j).

Definition 13  (Global spatial embedding) Given a dataset D ∈ D together with its spa-
tial embedding M ∈ Rb×e and its attribute tensor A ∈ Rb×j , the global spatial embedding 
V ∈ Rb×e+j  of D is obtained as:

	

V = M ||A =




v1 = h([z1, ϕ1]), a1
1, . . . , a1

j
...

vb = h([zb, ϕb]), ab
1, . . . , ab

j


� (9)

This matrix was also padded with additional zero columns to ensure the final number of 
columns is a multiple of the number of attention heads, a requirement of this architecture.

3.4.4  Representing multiple datasets

For multiple input datasets D1, . . . , Dd, we first merged them into a single dataset and 
added, among its thematic attributes, a one-hot-encoded label indicating which dataset 
each record belongs to. Then, we performed stratified sampling based on the dataset labels, 
ensuring the dataset proportions were maintained and that the number of rows in the matrix 
embedding remained equal to b, while the number of columns was equal to the total number 
of attributes plus one to store the dataset label. Let us consider a geospatial operation involv-
ing two input datasets, D1 and D2, each with j1 and j2 attributes, respectively, encoded in 
the attribute tensors A1 and A2. Given that the cumulative attribute tensor A will contain an 
element for each attribute in A1 and in A2, plus an additional label representing the dataset 
identifier. It follows that A ∈ Rb×(j1+j2+1).

The final input to the model after encoding becomes of the form Rb×(e+j1+j2+1). The 
same consideration made above about the column padding also holds here.
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3.4.5  Representing target values

As reported at the end of Sec. 3.1, the expected output m can be (i) a vector of numbers 
(m ∈ Rd1 ), (ii) a k-dimensional grid of numbers (m ∈ Rd1×···×dk ) or a target dataset of 
geo-spatial values DT . In this approach, fixed targets can be generated directly. However, 
when a target set of geometries, DT , is specified, this is not as straightforward, particularly 
when the global embedding V contains a subset of the input geometries, namely, its number 
of rows b is less than |D|.

In order to produce as a target value a set of geospatial objects DT , we distinguished the 
case in which the geometries of DT  match those in D, from the case in which the two sets of 
geometries are different. In the first case, the procedure assigned to each geometry gi in DT  
the set of values {v1, . . . , vmax} that the model has assigned to the nearest sampled geom-
etries gj  passed to the Transformer, if the encoding of gi is not contained in M, or exactly the 
values assigned by the model if gi is part of the sampling. In the second case, the approach 
was quite similar, and the idea was to use the label of the nearest geometry passed to the 
Transformer. The only difference is that in this case, no exact matching could be identified.

3.4.6  Model architecture

In this architecture, first, the geometries were passed to the Poly2Vec encoder. Then, the 
embeddings were concatenated with the non-geometric attributes. This was then fed to a 
Transformer model. An example of this architecture is shown in Fig. 4. The Transformer 
model’s architecture has been intentionally kept generic and can be tailored for each geo-
spatial operation of interest.

4  Geo-spatial problems

This section discusses the three target geo-spatial problems that we considered. For each of 
them, we provided the problem definition and the input and output formats for each specific 
model. The goal was to show that the proposed models can be applied to a variety of spatial 

Fig. 4  GeoVec architecture
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data analysis problems and can capture a wide range of spatial data characteristics, e.g., 
proximity and data density, producing approximate solutions faster than exact solutions. 
In particular, with reference to the classification made in Sect. 3.1, these three operations 
provide a meaningful example of each of them in terms of the number and types of both the 
input parameters and the target values.

Table 1 summarizes the three problems and the corresponding proposed models, as we 
further detail in the rest of this section.

4.1  Spatial data synopsis

Spatial analytics often require the computation of aggregate values on spatial data, called 
synopsis, that summarize different spatial features of a given dataset, e.g., skewness, sym-
metry, coverage of geometries, or density analysis for specific thematic attributes. How-
ever, as data sizes grow very large, as is typical for geospatial datasets, computing these 
characteristics in an exact way may become very expensive. This spatial operation can be 
considered a good representative of the first class of geospatial operation introduced in Def. 
2, namely the ones that receive in input a dataset D together with some optional parameters 
and produces a vector of numbers m ∈ Rd1×···×dk .

4.1.1  Problem definition

In this paper, we considered three categories of synopsis: (i) Finding extreme values and the 
regions where they are located (this can require a preliminary phase to calculate the k near-
est neighbors for all geometries in the dataset and to compute the average of the thematic 
attribute among its neighbors). (ii) Computing the K value (KV ) of a dataset, which is a 
measure of the connectivity of a set of geometries, given a maximum distance r. This value 
is also very expensive to compute: when KV  is large, most of the geometries in the set are 
very close to each other. When it decreases, it means the geometries are farther apart, and 
we expect them to be sparsely distributed throughout the reference space. (iii) Computing 
the box-count values, E0(D) and E2(D), as defined in [44], that are good descriptors of the 
skewness of the data distribution in the spatial reference space. These three synopsis opera-
tions can be formally described as follows.

Definition 14  (Extreme values identification) Given a dataset D ∈ D of point locations 
characterized by a property value v, D = {gi = ⟨Point, pi, vi⟩}n

i=1, and a parameter k, the 
average value of the thematic attribute on the k-nearest neighbors of each geometry gi ∈ D 
is computed starting from the set:

	 avgAtt(D, k) = {(pi, avg(pi))}n
i=1

where:

	
avg(pi) = 1

k

∑
x∈kNN(D, pi)

x.vi
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and x ∈ kNN(D, pi) identifies the k nearest neighbor of each pi in D. Given avgAtt(D, k), 
the following four values are extracted: the maximum and minimum of avgi and their 
respective location pmax, and pmin.

Definition 15  (K value computation) Given a dataset D ∈ D of point locations character-
ized by a property value v, D = {gi = ⟨Point, pi, vi⟩}n

i=1, the computation of KV  of D 
with radius ρ is as follows:

	
KV (D, ρ) = 1

n × (n − 1)
∑

pi∈D

|rangeρ(D, pi)|

where the function rangeρ(D, pi) computes the range query for the point geometry pi of gi 
given a window ρ, and the | · | operator returns the cardinality of a set.

Definition 16  (Box counting) Given a dataset D ∈ D of point locations characterized by a 
property value v, D = {gi = ⟨Point, pi, vi⟩}n

i=1, the computation of E0(D) and E2(D) 
works by dividing the space into a grid with cells of side length r, and counts the number 
of cells in the grid that intersect at least one point in the set (for E0(D)) and the number of 
points intersecting each cell (for E2(D)). It keeps increasing the number of cells in the grid 
until the counts stop changing. The slope of the plot in log scale of the counts function of 
the side length r, can give an approximate measure of the skewness in the spatial distribu-
tion of geometries.

These problems help us evaluate whether the models can predict not only a numeric aggre-
gate value but also properties that depend on the spatial distributions of the geometries and 
their relative positions and distances. Moreover, they are all expensive to compute and also 
capture complex spatial behaviors.

4.1.2  Target values

Considering the classification proposed in Section 3.1, for spatial synopsis, the target value 
was computed as an array m:

	 m = [(avgi)max, (avgi)min, pmax, pmin, KV (D, r), E0(D), E2(D)]� (10)

These are a total of nine values since pmax and pmin are represented by two coordinates 
each. Therefore, the shape of the tensor representing the target m is (9), as shown in 
Table 1 and can be easily and directly produced by each model without any additional final 
transformation.

4.1.3  Input values

For this kind of problem, the input datasets containing 2D points were synthetically gen-
erated using the Spider Generator [66], producing datasets with various distributions and 
including values of a thematic attribute. Figure 5 shows some examples of the generated 
data, where the color associated with each point denotes a different value of the thematic 
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attribute. Given the generated datasets, we computed the target values described above by 
applying the algorithms that represent the exact solution, thereby building the ground truth 
for model training.

We then processed the data using the approaches illustrated in Section 3 and built three 
models: GI-S for the GeoImg representation, GG-S for the GeoGraph representation, and 
GV-S for the GeoVec representation. The shapes of the input and target tensors depend on 
the model, as summarized in Table 1. In particular, for GI-S, assuming a histogram size s 
of 64 and the additional computation of two aggregation functions for the non-geometric 
thematic attribute, fF max and fF min, we obtained an input histogram H ∈ R3×64×64.  
Conversely, for GG-S, the coordinates of the points were represented by a tensor G with 
shape (N, 2), while the thematic attributes were represented by a tensor A with shape (N, 1), 
where N represents the cardinality of the dataset D. Finally, for GV-S, we assumed that an 
initial sampling (or padding) phase is applied to the Transformer model, with upper bound 
b = 1024, and that the embedding size was fixed to e = 32, obtaining an input tensor V with 
shape (1024, 32 + 1).

4.2  Spatial clustering

Clustering is one of the most commonly used techniques for spatial analysis. It is used to 
group objects based on their proximity or density, and it allows the identification of hidden 

Fig. 5  Example of synthetic datasets with both different spatial distributions and distributions of thematic 
attributes
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structures or the detection of regions where specific events are concentrated. Besides the 
practical importance and popularity of this operation, another motivation for considering 
this problem is that it requires predicting all points in the input, rather than a single predic-
tion for the entire input, so it is a good representative of spatial operations with signature 
f(D, [params]) → DT .

4.2.1  Problem definition

DBSCAN is one of the most popular clustering algorithms. It has two main parameters, a 
distance ε and a minimum number of points µ. It starts by selecting a random point p and 
determining if it is a core point, i.e., if it has at least µ neighbors within ε distance from it. 
If p is a core point, it is used to initialize a new cluster Cp, which is expanded until no new 
density-reachable points can be added. In particular, every point q that is in the ε-neigh-
bor of p is added to Cp; if q is a core point, also the ε-neighbor of q is added to Cp. This 
process continues until no other points can be added to the cluster Cp, namely, the cluster 
contains all points density-reachable from p. The process repeats by creating new clusters 
until no more core points are found. Points that do not end up associated with any cluster 
are labeled as noise points, or outliers. Many variants of DBSCAN have been defined in the 
literature. In particular, ST-DBSCAN [67] is an extension tailored for dealing with spatio-
temporal data. In this case, two distance thresholds, ε1 and ε2, are defined, one for the 
spatial and one for the time dimension. However, the second distance is not strictly required 
to be related to the time dimension but could be associated with any other attribute. In the 
original paper [67], the authors also conducted experiments in which the second distance 
corresponds to the temperature measured at each point, and the algorithm detected clusters 
based on spatial distance, as well as an additional attribute such as temperature or time. 
We defined this problem using this generic definition. The objective is to build models that 
closely match the clustering labels produced by this algorithm, given specific parameters, 
since our focus is on supervised learning.

4.2.2  Target values

For this problem, the input was a single dataset D together with three parameters, ε1, ε2, and 
µ, that governed the clustering operation. All geometries in D were assumed to be of type 
Point and to have an associated attribute representing, for example, the measured tempera-
ture. The target value in this case was a dataset DT  containing the same geometries of D but 
enriched with a set of values {v1, . . . , v|C|} representing the probability to belong to each 
cluster in C. Considering the formalization in Def. 2, for this problem, the target value was a 
dataset DT ∈ R|DT |×|C|, where C is the maximum number of clusters, since the labels were 
one-hot-encoded during the training process. In other words, the function approximating the 
geospatial operation generated one prediction for each point in DT , i.e., the probability to 
belong to each cluster in C.

Referring to the notation in Table 1, we can observe that while for the GeoGraph, the 
corresponding model was able to directly produce the target value with the desired shape, 
for the other two representation approaches it was necessary to apply a final transformation 
that, starting from the histogram (i.e., GeoImg) or the vector (i.e., GeoVec) representation, 
identified the corresponding values for each geometry in D. As already mentioned in Sect. 
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3.2.5, in the case of GeoImg representation, the value assigned to each geometry is the one 
predicted for the corresponding histogram cell. Conversely, as mentioned in Sect. 3.4.5, in 
the case of a GeoVec representation, the value was assigned based on the neighbor proxim-
ity with respect to the sampled geometry.

4.2.3  Input values

For this problem, we prepared a collection of datasets based on the Global Historical Cli-
matology Network (GHCN)-Daily [7], which contains the average maximum temperature 
for each weather station worldwide for each month. The ground-truth values were generated 
using ST-DBSCAN. We then built six models for this problem. Two models for each repre-
sentation, with one being parameterized, namely, approximating a function f(D, ε1, ε2, µ) 
where ε1, ε2, and µ are the clustering parameters and, and one trained on fixed parameters, 
namely, receiving only the dataset D, since the other parameters were predefined and fixed. 
The models were labeled GI-C, GG-C, and GV-C, for the ones with fixed parameters, and 
GI-CP, GG-CP and GV-CP for the corresponding parametrized versions. Therefore, the 
shape of the tensor representing the target depends on the model as summarized in Table 1, 
where for the GI-C* the shape of the input tensor (3,64,64) was given by the choice of a 
histogram size of 64 and the presence of two aggregate functions for non-geometric the-
matic attributes, fFmax  and fFmin . Conversely, for the GG-C*, we had two input tensors: 
one for the geometry G and one for the thematic attributes A, whose shapes depended on the 
dataset dimension |D|. Finally, for GV-C*, the input was again set to the upper bound of the 
sampling phase (b = 1024) and the embedding size (e = 32).

4.3  Walkability estimation

The last problem that we considered is for walkability estimation. The motivation for con-
sidering this problem was its complexity: it requires a spatial join across two datasets, fol-
lowed by an aggregation step. Indeed, with reference to Def. 2, it is a good representation of 
a function f(D, D′′[, params]) → m, where m is the walkability score.

4.3.1  Problem definition

We defined walkability as the accessibility of various amenities and services from any loca-
tion within a given geographic region. Each geographic region was given a score from 0 to 
1, with 0 representing non-walkable regions. The calculation involves two different sets of 
points. The first set represented nodes in the road network, but only for pedestrian-friendly 
roads. The second set included points of interest (POIs) within the same region, from a fixed 
set of 9 categories, such as shopping, restaurants, etc. The main idea was that a point on the 
road network within very close proximity to at least one POI in each of these categories was 
considered to have a perfect walkability score. The score for a region was simply the aver-
age of all points within its road network.

The first step in computing the score was finding the nearest point from each POI cat-
egory for every node in the road network and storing the distances. The score for a specific 
node in the network was computed based on these distances. A POI that is within a half-
kilometer distance is given a score of 1, while those that are farther than two kilometers are 
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given zero. Then, the scores for each category were averaged to produce the score for each 
node. Finally, the scores for each node in the road network were averaged to yield the walk-
ability score for the entire region. These steps are shown in Fig. 6.

4.3.2  Target values

This problem can be formalized as a function m = f(D1, D2) where D1 is the nodes data-
set, and D2 is for POIs. The value m represents the walkability score of the entire dataset. 
As for the synopsis problem, all three models can directly produce this value without any 
additional transformation.

4.3.3  Input values

For this problem, we extracted road networks using [68] and points of interest for several 
geographic regions from OpenStreetMap (OSM) across 9 categories. From that, we extracted 
several datasets by subdividing the overall area into smaller ones on which the exact walk-
ability score could be calculated. We also applied some augmentation techniques to reduce 
the degree of unbalancing in the training set. We trained three models for each representa-
tion, GI-W, GG-W, and GV-W, shown in Table 1. As for the previous problem, the histogram 
size was set to 64, yielding an input tensor of shape (11, 64, 64), since the global compound 
histogram was obtained by stacking the global histogram H(D1) ∈ R1×64×64 of D1, con-
taining only its positional histogram, on top of the global histogram H(D2) ∈ R10×64×64, 
composed of the positional histogram of D2 and its stacked thematic histogram. Similarly, 
for the GG-W model, there were three tensors: two for the geometries of the road network 
(G(D1)) and the POIs (G(D2)), respectively, and one for the 9 POI thematic attributes 

Fig. 6  Example of walkability computation 
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(A(D2)). Finally, for the GV-W model, the shape of the input tensor V depended on the 
sampling upper bound b = 1024 and the embedding size e = 32, in addition to the number 
of considered attribute categories.

5  Experiments

We conducted extensive experiments to evaluate the proposed representations across all 
three problems. The following subsections detail the experimental setup and present the 
corresponding results for each problem.

5.1  Experimental setup

Baselines  We compared the three learning-based models against two baselines: (1) an opti-
mized CPU-based algorithm that processes the entire dataset, and (2) a random baseline that 
generates guesses uniformly within the range of possible values. It is important to empha-
size that the goal of this evaluation is not to outperform a specialized state-of-the-art method 
for each individual task, nor to establish a new best model for spatial synopsis, clustering, 
or walkability estimation. Rather, our objective is to compare the relative capabilities of 
three families of representations for geospatial vector data: image-based, graph-based, and 
vector-based representations. For this reason, we do not require a strong task-specific learn-
ing baseline for every problem. Such baselines would likely differ substantially across the 
three tasks and could obscure the study’s main focus: the effect of the input representation 
on a deep learning model’s ability to capture spatial structure and approximate geospatial 
operations. In this perspective, the optimized CPU-based algorithm provides the exact ref-
erence value for each task and therefore represents the upper bound on accuracy, although 
it requires processing the full dataset. The random baseline provides a simple lower bound 
on the error obtained without learning meaningful spatial patterns. Although the random 
baseline was not expected to be competitive, it showed the extent to which each representa-
tion model can capture meaningful information beyond random guessing. In this setting, the 
most relevant comparison is among the three proposed representation families, rather than a 
competition against highly specialized methods designed for each separate task.

Hardware  For CPU-based processing, such as when computing ground truth values, the 
tasks were run on two AMD EPYC 7713 64-Core Processor with a total of 256 threads and 
memory of 128GB. GPU-based tasks, e.g., training and inference, were run on a server with 
AMD EPYC 7543 32-Core Processor with a total of 64 threads, 256GB of memory, and 
NVIDIA A100-SXM4-80GB GPU.

Datasets  The datasets used in the experiments were grouped into different collections, 
which have been detailed in Table 2 based on their type, i.e., synthetic or real, and the prob-
lem for which they have been considered. In particular, we have: (i) collections that contain 
synthetic datasets, i.e., type = syn, generated through the Spider Generator tool [66]. These 
collections are grouped based on the considered spatial distributions: uniform, diagonal, 
Gaussian, Sierpinski, bit, or parcel. The suffix “_large” was added to distinguish synthetic 
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datasets with a larger number of geometries. (ii) Collections that contain real datasets, i.e., 
type = real, namely weather and walkability, which were obtained from [7] and Open Street 
Map (OSM), respectively. As regards the operation column, SDS stands for spatial data 
synopsis, CL for clustering, and WK for walkability estimation. The last three columns 
indicate the number of datasets generated for each collection, and their respective minimum 
and maximum cardinality.

All of these datasets were encoded by using the three representations described in Sec. 3 
and used as input for the corresponding model, depending on the specific application, as 
described in Sect. 4. Notice that some collections were used both in training and in the eval-
uation phase, by using a subset of 80% for training and a subset of 20% for testing, while 
other collections were used only for the evaluation, with the aim to capture the generaliza-
tion capabilities of the models in making good predictions also for distributions belonging 
to collections they have never seen.

5.2  Spatial data synopsis

The models for this problem were trained to predict nine different values, given a dataset D, 
as discussed earlier in Sec. 4.1.1, i.e., the maximum and minimum average value (hotspots), 
the location of hotspots, the KV , and the box count values E0 and E2. As mentioned above, 
we evaluated these models from a different perspective. First, we looked at how they per-
form across different collections of datasets, using some representatives during the training 
phase, and then we evaluated their ability to make predictions for collections they had never 
seen. For the first experiment, we separated 20% of the collections for using them in the 
evaluation stage, while the 80% were used for training.

We summarized the results obtained for models GI-S, GG-S, and GV-S in Table 3. The 
last column was added to compare how the models performed relative to a random predic-
tion within the range of possible values. This verifies whether the models learn better than 
random guesses, which, as explained at the beginning of this section, represents the lower 
bound for prediction accuracy.

The metric used in this Table 3 to evaluate the prediction error is the average of the 
Weighted Mean Absolute Percentage Error (wMAPE) of all the model outputs, where 

Collection Type Problem # Sets Min Card Max Card
diagonal syn SDS 675 10000 20000
gaussian syn SDS 300 10000 20000
sierpinski syn SDS 300 10000 20000
uniform syn SDS 300 10000 20000
diagonal_large syn SDS 108 25000 100000
gaussian_large syn SDS 75 25000 75000
sierpinski_large syn SDS 100 25000 100000
uniform_large syn SDS 100 25000 100000
bit syn SDS 102 10000 20000
parcel syn SDS 108 10000 20000
weather real SDS, CL 1568 1025 11613
walkability real WK 20000 2 27999

Table 2  Synthetic and real 
datasets used for Spatial Data 
Synopsis (SDS), Spatial Cluster-
ing (CL), and Walkability (WK) 
evaluation

 



1 3

Page 29 of 44     32 GeoInformatica           (2026) 30:32 

wMAPE = (
∑n

i=1 |yi − ŷi|)/(
∑n

i=1 |yi|) and yi is the actual value, while ŷi is the pre-
dicted value. Note that wMAPE was computed for each output value separately, and then 
the obtained values were averaged to obtain the final value. The distributions in the first four 
collections are used for the 80% in training and the remaining 20% in testing.

The GeoGraph model (GG-S) performed better on the seen datasets and their scaled 
versions, such as uniform and uniform_large. There was only one case where it performed 
slightly worse than the other approaches. For the parcel distribution, GG-S performed much 
better for the hotspot-related values, but worse for some of the KV  and the box counts. How-
ever, we noted that the actual KV  where GG-S performed worse are very close to zero, and 
small deviations from the actual value result in larger errors. Anyway, all models had much 
smaller errors than the random predictions. In general, GG-S actually produced much better 
results for the KV  with the smallest radius. These results gave us confidence that the models 
actually learned the functions they were trained to predict, especially since some distributions 
were not seen in training and most of the evaluation sets have hotspot positions that were not 
seen in training. The results on the larger datasets showed that the quality remains consistent 
even when we made inferences on data sizes a few times larger than those seen in training.

We also performed a detailed evaluation of the results by considering every single com-
ponent of the target output. We summarized these detailed results in Table 4. For this evalu-
ation, we also used wMAPE, but this time it was computed for each output value across all 
datasets and collections. The table shows that GG-S performed better for hotspot prediction, 
performed similarly for KV , and performed worse for box counts. It is not surprising that 
the image-based model performed better for box counts, since the first step in computing 
them was creating a histogram, which was then provided as input to the model. However, 
the GI-S model performed noticeably worse when predicting KV  for the smallest radius. 
This was most likely because each pixel in the input histogram spans a region that is mul-
tiple times the radius, which was consistent with our expectations.

Moreover, we performed experiments on real-world datasets, specifically, the weather 
collection. For this collection, we evaluated six models: three models trained only on syn-
thetic data, GI-S, GG-S, and GV-S, and three models trained on 80% of the real-world 
weather data, GI-S-W, GG-S-W, and GV-S-W. The results are shown in Table 5. Clearly, the 
models trained on specific real-world datasets perform better, but those trained only on syn-

Collection GI-S GG-S GV-S Random
In-distribution Results
diagonal 0.1059 0.0660 0.0801 1.5825
gaussian 0.7096 0.1377 0.1660 2.3565
sierpinski 0.1271 0.1133 0.1235 2.7929
uniform 0.6664 0.1932 0.2632 10.2451
Out-of-distribution Results
bit 0.3271 0.1831 0.3026 1.4528
parcel 0.2381 0.4653 0.2261 2.7672
weather 0.4323 0.3326 0.4937 0.8745
diagonal_large 0.1091 0.0638 0.0788 1.6031
sierpinski_large 0.1177 0.1075 0.1134 2.9641
gaussian_large 0.5805 0.1243 0.1633 2.2329
uniform_large 0.6529 0.1905 0.2979 9.7232

Table 3  Data Synopsis Summary 
by Collection (wMAPE)
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thetic data showed acceptable errors, demonstrating the models’ ability to understand geo-
spatial concepts. The results are consistent with our previous observations, as both GG-S-* 
models consistently performed better than or equal to their counterparts.

Finally, we evaluated the running time of estimating these values using our models rela-
tive to that of traditional algorithms. This was summarized in Table 6. The prediction time 
of the GI-S model remained small even at large sizes, since the input size was fixed; how-
ever, preparing the histogram increased with data size, though it still scaled well. Similarly, 
GV-S scaled well, since its input was bounded in size. Conversely, the running time of the 
GG-S model can increase significantly with increasing dataset size, but it was still much 
lower than the time required to compute the target values with traditional algorithms. Since 
GG-S is the only model that did not have a fixed input size, we also evaluated how GG-S 
scales with increasing the dataset size. Some results are shown in Fig. 7. We started with 
10, 000 points and kept doubling the size by monitoring the increment of the prediction 
time. We encountered a memory access error at 28 × 104 points, indicating that GPU mem-
ory demand exceeded available capacity. Memory consumption increases linearly, while 
inference time increases sub-quadratically. The main effect was due to the number of edges 
required per message-passing step. Another observation is that the GG-S model converged 
in fewer epochs than the others, as shown in Fig. 8.

Attribute value Params GI-S GG-S GV-S Random
hotspots min-value k = 16 0.20 0.12 0.28 0.84
hotspots xmin k = 16 0.25 0.12 0.13 0.60
hotspots ymin k = 16 0.33 0.16 0.21 0.68
hotspots max-value k = 16 0.05 0.04 0.11 0.31
hotspots xmax k = 16 0.25 0.18 0.25 0.74
hotspots ymax k = 16 0.19 0.14 0.18 0.72
hotspots min-value k = 32 0.21 0.13 0.21 0.80
hotspots xmin k = 32 0.25 0.13 0.13 0.59
hotspots ymin k = 32 0.32 0.18 0.17 0.67
hotspots max-value k = 32 0.05 0.03 0.12 0.31
hotspots xmax k = 32 0.25 0.18 0.26 0.78
hotspots ymax k = 32 0.17 0.14 0.16 0.71
hotspots min-value k = 64 0.21 0.13 0.18 0.78
hotspots xmin k = 64 0.25 0.12 0.15 0.60
hotspots ymin k = 64 0.32 0.18 0.18 0.69
hotspots max-value k = 64 0.04 0.04 0.12 0.32
hotspots xmax k = 64 0.25 0.17 0.30 0.75
hotspots ymax k = 64 0.16 0.15 0.17 0.69
KV r = 0.025 1.88 0.91 0.76 16.30
KV r = 0.05 0.56 0.60 0.68 5.30
KV r = 0.10 0.36 0.50 0.62 1.69
KV r = 0.25 0.34 0.15 0.42 0.60
box counts E0 – 0.03 0.05 0.07 0.22
box counts E2 – 0.11 0.20 0.33 0.28

Table 4  Data Synopsis Summary 
by Output (wMAPE)
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Table 5  Data Synopsis for Weather Data Outputs (wMAPE)
Attribute value Params GI-S GG-S GV-S GI-S-W GG-S-W GV-S-W Rand
hotspots min-value k = 16 0.40 0.22 0.52 0.07 0.07 0.12 0.55
hotspots xmin k = 16 0.46 0.22 0.15 0.10 0.08 0.14 0.45
hotspots ymin k = 16 0.72 0.33 0.41 0.16 0.12 0.26 0.72
hotspots max-value k = 16 0.07 0.05 0.25 0.02 0.02 0.03 0.28
hotspots xmax k = 16 0.61 0.46 0.60 0.27 0.24 0.34 0.70
hotspots ymax k = 16 0.27 0.27 0.24 0.17 0.15 0.20 0.52
hotspots min-value k = 32 0.40 0.24 0.34 0.04 0.04 0.07 0.54
hotspots xmin k = 32 0.47 0.23 0.14 0.10 0.09 0.14 0.48
hotspots ymin k = 32 0.70 0.39 0.34 0.14 0.09 0.23 0.67
hotspots max-value k = 32 0.07 0.04 0.32 0.01 0.01 0.02 0.26
hotspots xmax k = 32 0.66 0.48 0.72 0.27 0.25 0.31 0.76
hotspots ymax k = 32 0.21 0.25 0.26 0.12 0.12 0.16 0.52
hotspots min-value k = 64 0.41 0.24 0.28 0.07 0.08 0.07 0.51
hotspots xmin k = 64 0.48 0.23 0.17 0.11 0.09 0.14 0.48
hotspots ymin k = 64 0.67 0.39 0.35 0.14 0.11 0.20 0.66
hotspots max-value k = 64 0.08 0.07 0.33 0.02 0.02 0.02 0.26
hotspots xmax k = 64 0.67 0.49 0.95 0.28 0.24 0.29 0.79
hotspots ymax k = 64 0.18 0.30 0.32 0.11 0.11 0.15 0.45
KV r = 0.025 1.24 0.60 0.85 2.47 0.46 1.16 8.05
KV r = 0.05 0.30 0.76 0.96 0.43 0.18 0.30 2.14
KV r = 0.10 0.49 0.74 0.95 0.23 0.17 0.28 0.57
KV r = 0.25 0.44 0.24 0.91 0.17 0.05 0.09 0.47
box counts E0 – 0.05 0.12 0.19 0.02 0.02 0.03 0.20
box counts E2 – 0.30 0.64 1.32 0.01 0.01 0.02 0.49

Collection GI-S GG-S GV-S Exact value
Inference +Histogram

uniform 0.02 1.61 2.37 0.23 830.91
diagonal 0.02 3.53 5.02 0.49 1625.47
gaussian 0.01 1.55 2.38 0.22 900.77
sierpinski 0.01 1.61 3.02 0.22 824.41
weather 0.04 4.49 3.39 1.16 2368.87
bit 0.02 2.75 4.25 0.38 1185.32
parcel 0.01 2.83 4.35 0.39 1253.81
uniform_large 0.01 11.25 204.86 0.37 6694.03
gaussian_large 0.01 10.93 202.96 0.37 11582.96
diagonal_large 0.01 11.83 219.14 0.39 7262.92
sierpinski_large 0.01 10.63 205.47 0.36 6611.57

Table 6  Data synopsis execution 
time in seconds
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5.3  Clustering

For the clustering operation, we compared the clusters estimated by the three models with 
those discovered by ST-DBSCAN, which the model was trained to predict. As reported in 
Table 2, for the clustering operation, we used the real-world weather datasets, with 80% of 
the collection used for training and the remaining for testing. We used three scores for this 
evaluation: (i) a perfect homogeneity score of 1.0 indicates that all points within a predicted 
cluster are within the same cluster in the ground truth. (ii) Completeness has a perfect score 
of 1.0 if all points in a single cluster in the ground truth are predicted to be within the same 
cluster. (iii) The V-measure is an average of the other two scores. For more information on 
these scores, see [69]. The results of this evaluation are shown in Table 7.

The best clustering was produced by GG-C, the non-parametrized GeoGraph model. 
This outcome resulted from the observation that clustering leverages connections and 
neighbor relationships between geometric objects, which are better represented by a 
graph-based representation. The parametrized variant offers greater flexibility as it can 
work with any set of parameters which makes it more practical at the cost of slightly 
lower accuracy. The GI-C family of models built on GeoImg also performed well, as they 
captured the data’s density, which is important for density-based clustering. Finally, the 
vector-based models built on GeoVec performed significantly lower since their encoding 
is centered on each geometry, which captures the relationship across geometries less well. 
Generally, the models performed well in all cases except when µ = 5, which led to a large 
number of clusters with only a few points each. These become harder to capture by the 
proposed models.

Fig. 8  Data Synthesis Validation Loss by Epoch 

Fig. 7  GG-S time and memory vs. input size 
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5.4  Walkability estimation

We summarized the walkability results in Table 8. The table shows, for each walkability 
range, the percentage of scores that are predicted within 0.1 of their actual values. From the 
table, GI-W seems to work much better than the other two, which show similar accuracy. 
We think this can be attributed to three aspects related to each method. First, in this data 
set, the data was divided into 5km × 5km regions, resulting in sparser histograms and less 
overlap of points within each histogram pixel. Second, the decrease in accuracy in GG-W 
could be due to the way the dataset join is performed. While we experimented with several 
join variations, there is still room for improvement. Third, in GV-W, the significant decrease 
in accuracy could be due to the sampling. However, all three cases still produce reasonably 
good results and perform much faster than computing the exact result.

5.5  Discussion

The experimental evaluation reported in the previous section provides evidence that exist-
ing DL architectures can approximate several classes of geospatial vector operations when 
the input data are encoded through suitable representations. At the same time, the results 
also show that the choice of representation has a substantial impact on model behavior. The 
three representation families considered in this work encode different inductive biases: Geo-
Img summarizes the input space through fixed-resolution histograms, GeoGraph preserves 
object-level structure and local neighborhoods through point-set processing, and GeoVec 
represents individual geometries as fixed-length embeddings processed by a Transformer. 
These differences explain most of the trends observed across the three tasks.

Model Parameters (ε1, ε2, µ) Homog. Compl. V-Meas.
GI-C (0.05, 200.0, 50.0) 0.86 0.94 0.90
GI-CP (0.02, 200.0, 5.0) 0.85 0.67 0.74
GI-CP (0.03, 50.0, 5.0) 0.81 0.69 0.74
GI-CP (0.03, 200.0, 20.0) 0.83 0.79 0.81
GI-CP (0.05, 100.0, 50.0) 0.83 0.87 0.85
GI-CP (0.05, 200.0, 50.0) 0.85 0.89 0.87
GI-CP Average 0.83 0.78 0.80
GG-C (0.05, 200.0, 50.0) 0.95 0.95 0.95
GG-CP (0.02, 200.0, 5.0) 0.79 0.71 0.74
GG-CP (0.03, 50.0, 5.0) 0.73 0.68 0.70
GG-CP (0.03, 200.0, 20.0) 0.80 0.81 0.80
GG-CP (0.05, 100.0, 50.0) 0.85 0.87 0.86
GG-CP (0.05, 200.0, 50.0) 0.85 0.88 0.86
GG-CP Average 0.80 0.79 0.79
GV-C (0.05, 200.0, 50.0) 0.90 0.92 0.90
GV-CP (0.02, 200.0, 5.0) 0.55 0.4 0.45
GV-CP (0.03, 50.0, 5.0) 0.51 0.35 0.4
GV-CP (0.03, 200.0, 20.0) 0.75 0.67 0.7
GV-CP (0.05, 100.0, 50.0) 0.82 0.81 0.81
GV-CP (0.05, 200.0, 50.0) 0.83 0.81 0.82
GV-CP Average 0.69 0.61 0.64

Table 7  Evaluation of estimated 
clusters. Columns 3, 4, and 5 
show homogeneity, complete-
ness, and V-Measure, respective-
ly. Higher values are better
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Spatial data synopsis  The spatial synopsis task is the most heterogeneous among the con-
sidered problems because the target vector includes both local and global quantities: hotspot 
values and locations, KV  values at different radii, and box-count descriptors. The results 
in Tables  3 and  4 show that GeoGraph generally achieves the best accuracy for quanti-
ties that depend on fine-grained spatial relationships, especially hotspot localization and 
small-radius neighborhood statistics. This behavior is expected because GeoGraph operates 
directly on the input points and constructs neighborhoods from their metric positions. As 
a result, it can preserve local interactions that may be lost when data are aggregated into 
histogram cells or sampled into fixed-length sequences.

The advantage of GeoGraph is particularly visible for hotspot-related outputs. Hotspot 
estimation requires not only identifying extreme thematic values but also associating them 
with their correct spatial locations, taking local neighborhoods into account. Since Geo-
Graph maintains one representation per geometry and aggregates information through local 
set-abstraction layers, it can more accurately preserve the association between each point, 
its attributes, and its surrounding points. In contrast, GeoImg assigns all geometries falling 
in the same cell to the same spatial bin, which can blur local variation when multiple points 
with different attribute values fall in the same histogram cell. GeoVec also performs reason-
ably well, but its fixed sampling bound can remove some objects before the Transformer 
receives the input, which makes local extrema more difficult to preserve in dense datasets.

The behavior of the KV  metric further illustrates this trade-off. For small radii, the rel-
evant signal is determined by short-range interactions among nearby points. This favors 
GeoGraph, which explicitly builds neighborhoods in the original metric space. GeoImg per-
forms worse for the smallest radius because the histogram resolution imposes a minimum 
spatial granularity: if the radius is substantially smaller than a cell, points that should be 
distinguished may be aggregated into the same cell, while points in adjacent cells may not 
be represented with sufficient precision. As the radius increases, the operation becomes less 
sensitive to exact point-level distances and more dependent on the global distribution of the 
data. In those cases, the gap among the models decreases, and the histogram representation 
becomes more competitive.

Box-count values show the opposite pattern. GeoImg performs particularly well for these 
outputs because box counting is itself based on repeatedly partitioning the space into grids 
and measuring occupancy. Therefore, the histogram representation is naturally aligned with 
the structure of the target operation. This result is important because it shows that loss of 
point-level precision is not always detrimental: when the operation depends on global spa-
tial occupancy or density summaries, a fixed-grid representation can encode the relevant 
signal compactly and efficiently. GeoGraph is less effective for this component because 
its architecture is optimized for local point interactions rather than for directly estimating 
multiscale grid occupancy.

Overall, all models remain substantially better than the random baseline, including on 
distributions not seen during training, suggesting they are not merely memorizing dataset-
specific patterns. However, the degree of generalization varies across representations and 
targets. GeoGraph generalizes well when the unseen data still require local geometric rea-
soning similar to the training distributions. GeoImg generalizes well when the unseen dis-
tribution can be summarized by spatial density patterns at the chosen histogram resolution. 
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GeoVec is more variable, likely because its performance depends both on the quality of the 
geometry embedding and on the representativeness of the sampled sequence passed to the 
Transformer. These results confirm that learned geospatial representations can capture reus-
able spatial properties, but also that their generalization is constrained by the information 
retained during encoding.

The timing results in Table 6 highlight an additional trade-off. GeoImg and GeoVec have 
fixed-size inputs, so their inference time is relatively stable with respect to dataset cardinal-
ity, although GeoImg still requires histogram construction. GeoGraph is more expensive 
because its input size grows with the number of geometries and because neighborhood con-
struction and message passing depend on the number of points and edges. Nevertheless, 
even GeoGraph remains much faster than exact computation for the evaluated synopsis 
operations. This suggests that learning-based approximations are most attractive when exact 
spatial analytics are repeatedly evaluated over many datasets or parameter settings, espe-
cially when small errors are acceptable.

Spatial clustering  The clustering task evaluates a different kind of capability: instead of pre-
dicting a fixed-size summary for the entire dataset, the models must approximate a spatial 
operation that assigns a label to each geometry. The results in Table 7 show that all three 
representations can capture clustering structure to some extent, but their behavior differs 
significantly.

The best result is obtained by the non-parametric GeoGraph clustering model. This is 
consistent with the nature of density-based clustering. ST-DBSCAN assigns clusters based 
on neighborhood connectivity, local density, and reachability. These are precisely the types 
of relationships that a point-set architecture is designed to model. By maintaining point-
level representations and propagating information across local neighborhoods, GeoGraph 
can better approximate the expansion behavior of density-based clusters. This explains the 
high homogeneity and completeness achieved by the fixed-parameter model.

The GeoImg models also perform well, especially when clusters correspond to spatially 
coherent dense regions that can be represented at the histogram resolution. The histogram 
representation captures density patterns effectively, which is useful for density-based clus-
tering. However, it introduces a limitation: all points falling in the same cell share the same 
predicted output before the final conversion back to geometries. This makes it harder to 
represent cluster boundaries precisely, especially when a cell contains points from differ-
ent clusters or when small clusters occupy only a few cells. This explains why GeoImg is 
competitive but generally less accurate than GeoGraph.

The GeoVec clustering models show the weakest average performance, especially in 
the parametrized setting. This suggests that encoding each geometry independently and 
then processing a sampled sequence is less effective for reproducing density-reachability 
relationships. Clustering depends on the relative arrangement of many nearby points, and 
this information may be weakened by sampling, padding, and nearest-neighbor assignment 
during the conversion from Transformer outputs back to the full target dataset. The degrada-
tion is especially visible when the parameters produce many small clusters. In such cases, 
missing or underrepresenting even a small number of points can significantly affect both 
homogeneity and completeness.
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The comparison between fixed-parameter and parametrized models is also important. 
Fixed-parameter models need to learn only the behavior of a single clustering configuration, 
whereas parametrized models must learn how the output changes as ϵ1, ϵ2, and µ vary. This 
is a substantially harder learning problem because small changes in clustering parameters 
can lead to discontinuous shifts in cluster assignments. For example, increasing the distance 
threshold may merge two clusters, while increasing the minimum-points parameter may 
convert small clusters into noise. The lower scores of the parametrized models, therefore, do 
not necessarily indicate that the representations fail to encode spatial structure; rather, they 
show that learning an entire family of density-based clustering behaviors is more difficult 
than approximating a single fixed operation.

Walkability estimation  The walkability task differs from the previous two because it 
requires reasoning across two datasets: pedestrian network nodes and points of interest. The 
target score depends on nearest-neighbor relationships between the two datasets, category-
specific accessibility, and aggregation over the road network. Therefore, this task evaluates 
whether each representation can capture cross-dataset spatial interactions.

The results in Table 8 show that GeoImg performs best on this task. This may appear sur-
prising because GeoImg is the most aggregated representation, but it is consistent with the 
structure of the walkability computation and the spatial scale of the data. The regions used in 
this task are relatively small, and the histogram representation aligns the road network and 
POI layers on a shared reference grid. Stacking the two datasets as channels allows the CNN 
to learn local co-occurrence patterns between road nodes and nearby POIs. In other words, 
the convolutional filters can detect whether amenities of different categories are spatially 
close to the pedestrian network at the resolution required for the final regional score. Since 
the output is a single aggregate walkability value rather than a point-level prediction, the 
loss of exact object identity is less harmful than in clustering.

The weaker performance of GeoGraph on walkability highlights a current limitation of 
the graph-based representation used in this paper. While GeoGraph is effective for single-
dataset local reasoning, cross-dataset reasoning requires a suitable mechanism for joining or 
aligning two point sets. The adopted architecture joins datasets through neighborhood-based 
aggregation, but this step may not fully preserve all category-specific nearest-neighbor dis-
tances that determine the walkability score. In particular, walkability depends on the closest 
POI in each category for each road node, followed by a nonlinear distance-to-score transfor-
mation and an average over the region. If the join representation loses the closest object for 
a category, or aggregates several POIs before preserving the minimum-distance signal, the 
predicted score can degrade. This suggests that future graph-based models for this type of 
task should include more explicit cross-attention, category-aware nearest-neighbor aggrega-
tion, or differentiable spatial-join operators.

The GeoVec model performs similarly to or slightly worse than GeoGraph in most walk-
ability cases. This behavior is likely due to the fixed sampling bound and the difficulty of 
representing two heterogeneous datasets in a single sequence. Although the dataset label 
and POI category attributes are included, the Transformer must infer the spatial relationship 
between sampled road nodes and sampled POIs from the embedded sequence. If relevant 
POIs or road nodes are not included in the sample, or if the sampling process changes the 
local category distribution, the walkability signal becomes noisy. This limitation is particu-
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larly important for accessibility tasks because the score can depend on the nearest object in 
each category, not merely on the overall density of POIs.

Overall, walkability shows that the best representation is not necessarily the one that 
preserves the most detailed object-level information. For aggregate multi-dataset operations 
over moderately sized regions, a shared raster-like spatial reference can be highly effective 
because it naturally aligns heterogeneous inputs. However, the same representation may be 
less suitable for tasks that require object-level outputs or sub-cell precision. This reinforces 
the central message of the paper: different geospatial operations require different representa-
tion biases.

Cross-task comparison  Taken together, the three tasks reveal a consistent pattern. Geo-
Graph is most effective when the operation depends on local point-level relationships within 
a single dataset, as in hotspot estimation, small-radius KV , and fixed-parameter clustering. 
GeoImg is strongest when the operation can be expressed as a spatial density or co-occur-
rence pattern over a shared reference space, as in box counts and walkability estimation. 
GeoVec provides a flexible fixed-size representation and can be efficient at inference time, 
but its effectiveness depends heavily on the sampling strategy and on whether the target 
operation can tolerate the loss of unsampled geometries.

These findings also clarify the scalability-accuracy trade-off. GeoImg and GeoVec scale 
well because they impose fixed-size inputs, but this comes at the cost of discretization or 
sampling. GeoGraph avoids these two sources of information loss and can therefore pre-
serve fine-grained spatial structure, but its computational and memory cost increases with 
dataset cardinality. Thus, GeoGraph is preferable when accuracy on local spatial interac-
tions is the main objective and the dataset size remains manageable, whereas GeoImg and 
GeoVec are more appropriate when scalability, batching, and fixed input sizes are essential.

Another important observation is that the models approximate spatial operations rather 
than replace their exact definitions. Their predictions are useful for fast estimation, rank-
ing, exploration, or pre-filtering of large collections of geospatial datasets. They are less 
appropriate when exact answers are required, such as in safety-critical settings. In this sense, 
the proposed approach should be viewed as complementary to traditional GIS and spa-
tial database processing: learned models can quickly identify promising datasets, approxi-
mate expensive operations, or guide query optimization, while exact algorithms can still be 
applied when precise results are needed.

Finally, the results suggest several directions for improving learned geospatial analytics. 
First, hybrid representations could combine the strengths of the three approaches, for exam-
ple by using histograms for global context and graph layers for local refinement. Second, 
cross-dataset operations such as walkability would benefit from architectures that explicitly 
model spatial joins, nearest-neighbor relationships, and category-aware aggregation. Third, 
GeoVec could be improved through more informed sampling, spatial partitioning, or hier-
archical aggregation before the Transformer stage. Fourth, pretraining on large collections 
of vector geospatial datasets may improve transferability across regions, distributions, and 
spatial operations. These directions are important because the present results show that deep 
learning models can capture meaningful geospatial structure, but also that representation 
design remains the key factor determining their accuracy, scalability, and generalization.
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6  Conclusion

This paper addressed a key limitation in the current landscape of geospatial analytics: 
although geospatial data constitute a major share of contemporary data ecosystems, existing 
deep learning methods still provide limited native support for directly understanding and 
processing vector geospatial datasets. To bridge this gap, we investigated how existing DL 
architectures can be adapted to geospatial settings by leveraging suitable representations of 
both input data and spatial operations, without requiring the design of entirely new models. 
In this sense, the research helped address an important knowledge gap identified in the lit-
erature, namely the lack of general methodologies for enabling DL models to reason over 
geospatial objects, their spatial characteristics, and their thematic attributes across different 
classes of geospatial problems.

The main contribution of this work to the geospatial community lies in the definition and 
comparative investigation of a representation-centered methodology for DL-enabled geo-
spatial analytics. Rather than focusing on a single task or a single model family, we intro-
duced a general framework for translating vector geospatial datasets and spatial operations 
into forms that can be processed by established DL architectures. By studying image-based, 
graph-based, and embedding-based representations under a unified perspective, the paper 
contributed a broader view of how geospatial structure can be encoded for learning.

The experimental findings provided several insights for readers. First, they showed that 
general-purpose DL architectures can, in fact, be leveraged to approximate a variety of 
geospatial operations when supported by suitable representations. Second, they suggested 
that image-based representations are particularly effective for multi-dataset problems and 
spatial estimation tasks in which spatial distributions can be meaningfully summarized over 
a shared reference space. Third, they showed that graph- and embedding-based approaches 
remain promising alternatives, especially in settings where preserving object-level structure 
is important, although they currently appear to be more sensitive to geometric complexity, 
scalability constraints, or the way in which inter-object spatial relations are encoded. More 
broadly, the results indicate that DL-based geospatial analytics is feasible, but that no single 
representation is universally best; instead, effectiveness depends on the interplay between 
data characteristics, task requirements, and model inductive biases.

At the same time, this research highlighted several limitations in existing DL representa-
tions and model architectures. Indeed, the considered representations, while general, may 
still lose information or introduce constraints: histogram-based encodings may smooth fine-
grained geometric detail, graph-based methods may face scalability challenges for large 
datasets, and embedding-based approaches may depend heavily on the quality of the learned 
geometry encoders. These limitations open several directions for future research. A first 
direction is to investigate hybrid representations that combine the strengths of histograms, 
graphs, and learned embeddings.

Indeed, beyond vector-only representations, a promising research direction is to combine 
vector geospatial data with raster imagery and social-sensing data using multimodal learn-
ing frameworks. Investigating such heterogeneous representations is outside the scope of 
this paper and is left as an interesting direction for future work.

A second direction is the development of pretraining strategies and foundation-model-like 
approaches tailored to geospatial data to improve transferability across tasks and regions.
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Finally, future work should also explore tighter integration among DL models, geospatial 
databases, and AI agents, enabling systems that not only predict from spatial data but also 
support richer forms of geospatial understanding, explanation, and decision-making.
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