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Abstract
The use of machine and deep learning techniques for dealing with
spatial data is progressively increasing as the amount of such kind
of information consistently grows. At the same time, the quality of
the obtained results strictly depends on the quality of the training
data. In regression and classification tasks, the balancing of the
training set with respect to both the characteristics of the input
data and the ground truth values is essential to correctly capture
all the eventualities and cases in the right way. However, as already
pointed out in the literature, producing balanced training sets is not
simple, even when they are synthetically generated. This demon-
stration presents a tool for producing balanced training sets for
spatial operation estimation, which starts from the synthetic gen-
eration of spatial datasets resembling real-world situations, with
respect to distribution and other spatial characteristics, and then
apply spatial queries for obtaining a first collection on which bal-
ancing analysis and spatial augmentation techniques are applied to
obtain a final balanced collection with respect to specific metrics.
This tool is a step towards the generation of good-quality training
sets for different spatial query optimization and evaluation models.
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1 Introduction
Machine Learning (ML) and Deep Learning (DL) techniques are pro-
gressively exploited in the spatial domain as an increasing amount
of spatial data is becoming available. Such models are typically used
for classification or regression tasks, for instance, in the context
of query optimization or cost evaluation [2]. However, the accu-
racy of the obtained results and the generalization capability of the
models strictly depend on the dimension and quality of the used
training and test sets. In this regard, the generation of synthetic
datasets resembling the spatial characteristics of real-world data is
a common approach, and some tools, like the SpiderWeb [4] one,
have been proposed to perform such an operation. However, as
discussed in [1], the balancing of the input collection in terms of
spatial characteristics of the contained geometries is not enough
to guarantee a balancing of the ground through values, especially
when they refer to the results or performances of spatial operation
computation. Moreover, the production of a good training set is a
time-consuming activity requiring not only the generation of the
input dataset collections, but also the execution of a great number
of spatial operations on them for obtaining the desired ground truth
values. For this reason, in [1], some metrics have been proposed
to evaluate the balancing of both the input collections and the
ground truth values, as well as some augmentation techniques able
to increase the presence of instances in under-represented classes,
without requiring the re-computation of the time-consuming spatial
operations. The range query operation has been chosen as a proof-
of-concept spatial operation, and three augmentation techniques
are proposed and evaluated.

Starting from the methodology presented in [1], in this demon-
stration, we present AIDA, a spAtIal Data Augumentation tool
which can be freely downloaded from a GitHub repository1. This
tool aims to streamline the process of generating balanced collec-
tions of spatial datasets for training machine learning and deep
learning models able to estimate the cost of typical spatial oper-
ations, like range queries and spatial joins [2]. This tool collects
some recent theoretical results into a unified software that can be
easily exploited by researchers in the production of their training
sets. In the remainder, Sect. 2 describes in detail the generation
and augmentation pipeline supported by the AIDA software, then
in Sect. 3 some hints about the architectural solution and some
screenshots of the graphical interface are presented. Finally, Sect. 4
summarizes the characteristics of the AIDA tool and proposes some
future extensions.

1https://github.com/smigliorini/aida-augumentation-tool
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2 Spatial Data Augmentation Pipeline
The general pipeline of the spatial augmentation technique is de-
picted in Fig. 1, it encompasses a set of steps, denoted as T𝑋 , each
one producing an output O𝑋 , and taking as input some data pro-
vided by users, denoted by D𝑋 , or the output of a previous task.

The first task T1 consists in the generation of a collection of
spatial datasets starting from the specification of a set of desired
characteristics, namely: the kind of spatial distribution (i.e. uniform,
diagonal, Gaussian, parcel, etc), the MBR of the entire dataset, the
cardinality of the dataset, the kind of geometry (i.e., point, box, poly-
gon, etc), the representation format (i.e., CSV, WKT), together with
other parameters which are tailored for each specific distribution,
like the buffer size for the diagonal or Gaussian distribution. These
parameters can be specified directly through the user interface or
uploaded through a CSV file for massive and batch data generation.
For the spatial generation, we exploit the use of the SpiderWeb
tool [4] through a set of HTTP calls. The generated datasets are
placed into a directory specified by the user, and are identified by a
unique name containing some relevant characteristics of the input,
like the distribution, the ordinal, and so on.

The second task T2 takes the generated datasets and computes
a spatial index on them by using the Beast library (Scalable Ex-
ploratory Analytics on Spatio-temporal Data) [3]. We refer to a
very efficient spatial index, called R*-Grove [5], provided by this
library. The computation of the spatial index essentially consists
of subdividing a big dataset into a set of partitions, each one con-
taining only the geometries intersecting a certain MBR, together
with a master file index summarizing the set of generated parti-
tions in terms of their MBR and the corresponding file name. In
the original implementation, the number of generated partitions is
computed to guarantee that each one will have a uniform and fixed
dimension in bytes. In the provided tool, the computation of the
index has been slightly modified to allow the user to specify the
number, or alternatively the cardinality, of the desired partitions.
This choice is particularly useful, since the index plays a key role
not only for improving the spatial query computation T3, but also
during the spatial augmentation T5. Indeed, AIDA allows one to
specify desired partitions that are small in terms of byte size but
are big enough in terms of the number of contained geometries.

The desired spatial query is then computed on the indexed spatial
datasets T3, producing the various ground truth values of inter-
est. With particular reference to the experiments performed in [1],
the considered spatial operation is the range query, and the gener-
ated ground truth values are: the selectivity, the number of MBR
tests, and the computation time. By combining the original spatial
datasets O1 with the obtained ground truth values and the query
parameters O3, the original input collection O4 is produced, on
which the balancing analysis T4 is performed.

As described in [1], the computation of the balancing metrics on
input and target variables consists of computing the estimation of
the fractal dimension 𝐸𝑞 , with 𝑞 = 0 and 𝑞 = 2, on each characteris-
tic of interest. In particular, while 𝐸0 describes whether the entire
spectrum of possible values is represented, 𝐸2 describes whether
such a spectrum is represented in a uniform way. Alg. 1 details the
metrics computation: for each dataset 𝐷𝑖 , we compute its spatial

Algorithm 1: Balancing Analysis

1 function BalancingMetrics(𝐶 = {𝐷𝑖 ,𝑂𝑖 ,𝑇𝑖 }𝑘𝑖=1) :
2 D ← {𝐷1, . . . 𝐷𝑘 };
3 forall 𝐷𝑖 ∈ D do
4 𝐸2 (𝐷𝑖 ) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸2(𝐷𝑖 );
5 𝑓𝑎 (𝐷𝑖 ) ← (

∑
𝑔∈𝐷𝑖

𝑎𝑟𝑒𝑎(𝑔))/|𝐷𝑖 |;
6 𝑓𝑙𝑥 (𝐷𝑖 ) ← (

∑
𝑔∈𝐷𝑖

𝑀𝐵𝑅(𝑔) .𝑥2 −𝑀𝐵𝑅(𝑔) .𝑥1)/|𝐷𝑖 |;
7 𝑓𝑙𝑦 (𝐷𝑖 ) ← (

∑
𝑔∈𝐷𝑖

𝑀𝐵𝑅(𝑔) .𝑦2 −𝑀𝐵𝑅(𝑔).𝑦1)/|𝐷𝑖 |;
8 end
9 𝐵0 (D, 𝐸2 ()) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸0(𝐸2 (𝐷1), . . . 𝐸2 (𝐷𝑘 ));

10 𝐵2 (D, 𝐸2 ()) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸2(𝐸2 (𝐷1), . . . 𝐸2 (𝐷𝑘 ));
11 𝐵0 (D, 𝑓𝑎 ()) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸0(𝑓𝑎 (𝐷1), . . . 𝑓𝑎 (𝐷𝑘 ));
12 𝐵2 (D, 𝑓𝑎 ()) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸2(𝑓𝑎 (𝐷1), . . . 𝑓𝑎 (𝐷𝑘 ));
13 𝐵0 (D, 𝑓𝑙𝑥 ()) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸0(𝑓𝑙𝑥 (𝐷1), . . . 𝑓𝑙𝑥 (𝐷𝑘 ));
14 𝐵2 (D, 𝑓𝑙𝑥 ()) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸2(𝑓𝑙𝑥 (𝐷1), . . . 𝑓𝑙𝑥 (𝐷𝑘 ));
15 𝐵0 (D, 𝑓𝑙𝑦 ()) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸0(𝑓𝑙𝑦 (𝐷1), . . . 𝑓𝑙𝑦 (𝐷𝑘 ));
16 𝐵2 (D, 𝑓𝑙𝑦 ()) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸2(𝑓𝑙𝑦 (𝐷1), . . . 𝑓𝑙𝑦 (𝐷𝑘 ));
17 𝑛 ← number of target variables;
18 forall 𝑗 ∈ {1 . . . 𝑛} do
19 V𝑗 ← ∅ ;
20 forall 𝑇𝑖 ∈ D do
21 V𝑗 ←V𝑗 ∪ {𝑇𝑖 .𝑣 𝑗 };
22 end
23 𝐵0 (V𝑖 ) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸0(V𝑗 );
24 𝐵2 (V𝑖 ) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐸2(V𝑗 )
25 end
26 return

⟨𝐵0 (D, 𝐸2 ()), 𝐵2 (D, 𝐸2 ()), 𝐵0 (D, 𝑓𝑎 ()), 𝐵2 (D, 𝑓𝑎 ()),
27 𝐵0 (D, 𝑓𝑙𝑥 ()), 𝐵2 (D, 𝑓𝑙𝑥 ()), 𝐵0 (D, 𝑓𝑙𝑦 ()), 𝐵2 (D, 𝑓𝑙𝑦 ()),
28 𝐵0 (V1, 𝐵2 (V1) . . . , 𝐵0 (V𝑛, 𝐵2 (V𝑛)⟩
29 end

distribution through the computation of the value 𝐸2 on its geome-
tries (line 4), and on its spatial extension which is captured by the
average area of its geometries 𝑓𝑎 (line 5), the average length on
the 𝑥 and 𝑦 axis of its geometries 𝑓𝑙𝑥 and 𝑓𝑙𝑦 , respectively (lines 6-
7). Given that measures for all datasets 𝐷𝑖 in input collection D,
the overall balancing metrics for the input variables are computed
(lines 9-16). Moreover, the 𝐸𝑞 values are computed for each ground
trough values (line 18-25). Finally, the overall balancing metrics O5
for both the input and the target variables are returned (line 26).

In case the balancing metrics O5 reveal that the ground truth
values are not uniformly represented, namely, the user can proceed
with the partitioning T5 of the spectrum of possible values into
discrete intervals of interest, so that it is possible to compute the
number of instances belonging to each interval and identify which
one has to be augmented. Such subdivision is decided by the user
through the parameter class intervals D3, and could depend on the
problem at hand. Alg. 2 summarizing the partitioning procedure T5:
given a collection 𝐶 , the interval T of the ground truth values, and
the number of desired classes 𝑛, the algorithm identify the elements
⟨𝐷𝑖 ,𝑂𝑖 ,𝑇𝑖 ⟩ ∈ 𝐶 belonging to each partition class.
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Figure 1: Pipeline of the spatial augmentation technique.

Algorithm 2: Spatial augmentation

1 function Partitioning(𝐶 = {⟨𝐷𝑖 ,𝑂𝑖 ,𝑇𝑖 ⟩}𝑘𝑖=1}, 𝑣,T , 𝑛) :
2 𝛿 ← (T .𝑡𝑒𝑛𝑑 − T .𝑡𝑠𝑡𝑎𝑟𝑡 )/𝑛;
3 forall ℎ ∈ {1, . . . 𝑛} do
4 𝑃ℎ ← ∅;
5 end
6 forall 𝑖 ∈ {1, . . . 𝑘} do
7 ℎ ← ((𝑇𝑖 .𝑣 − T .𝑡𝑠𝑡𝑎𝑟𝑡 )/𝛿) + 1;
8 𝑃ℎ ← 𝑃ℎ ∪ {𝐷𝑖 }
9 end

10 end
11 function Augumentation(𝑃,A, 𝜃 ) :
12 forall 𝐶ℎ ∈ 𝑃 do
13 if |𝐶ℎ | > 𝜃 then
14 perform an undersampling of 𝐶ℎ ;
15 end
16 else if |𝐶ℎ | < 𝜃 then
17 forall 𝑖 ∈ {1, |𝐶ℎ | − 𝜃 } do
18 𝑎 ← chose an augmentation action in A;
19 𝐷 ← chose a random dataset in 𝐶ℎ ;
20 𝐶′ ← 𝑎(𝐷);
21 𝐶ℎ ← 𝐶ℎ ∪ {𝐶′};
22 end
23 end
24 end
25 end

The partitioned classesO6 togetherwith the augmentation strate-
gies D4 identified by the user, are then passed to the augmentation
step T6, which exploits the spatial index O2 previously collected
to speed up the generation process. This procedure is detailed in

Alg. 2: given partitioning P, the set of possible augmentation oper-
ation A, and a threshold number of representative for each class
𝜃 , the function Augumentation performs the augmentation of the
underrepresented class, or the sampling of the overrepresented one.
The application of the augmentation operation in line 20 produces
the final balanced collection O7.

The produced balanced collection O7 could be applied in an
ML/DL estimation pipeline, like the one in [2], which is based
on the computation of the spatial embeddings, as exemplified in
Fig. 2. The encoding of such spatial embeddings is based on the
preliminary computation of the dataset histograms. For this reason,
AIDA also supports the operation T6, while the computation of the
spatial embedding T7 is left behind as a future extension.

3 AIDA Tool
The AIDA Tool has been designed as a RESTful application where
a graphical user interface developed in React calls some backend
functions in Python, relative to tasks T1, T4, T5, T6, and some in
Scala, relative to the Beast functionalities, namely T2 and T3.

Fig. 3 illustrates the general structure of the application, where
the top menu reports the operations composing the pipeline of
the spatial augmentation and allows the user to follow the entire
process. In the figure, the dataset generation process is depicted,
where the various characteristics of each input dataset could be
alternatively specified in a manual way through a table or in a batch
mode through a CSV file. In particular, besides the set of common
parameters, like the MBR of the dataset and cardinality, a set of
configurations can be specified based on the chosen distribution.

At the end of each step, the results produced by the correspond-
ing task are saved into a separate directory for being easily down-
loaded by the user or used as input for the following step. A preview
function is also available to give the user some hints about the gen-
erated dataset, spatial index, or histogram computation.
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Figure 3: Section for the generation of synthetic spatial datasets.

The graphical interface has been developed in order to ensure its
responsiveness while long-running computations are in progress,
and specific checks have been implemented to prevent concurrent
operations from degrading the data currently used by others.

The front-end and the back-end parts could be installed on a sin-
gle machine, resembling a desktop application, or they can be sub-
divided into a server-side backend installed in a high-performance
server and a web-based front-end application.

4 Conclusion
This paper demonstrates a tool, called AIDA, for the generation
of synthetic balanced training and test sets for spatial machine
learning or deep learning models. The tool collects some recent
theoretical results published in the literature related to the augmen-
tation of spatial datasets and the definition of balancing metrics.
The main objective of this tool is to streamline the process typically
used for producing synthetic training and test sets, resembling the
characteristics of real-world data. As future work, we plan to ex-
tend the tool by introducing a plug-and-play mechanism for both
the augmentation techniques and the production of the spatial
embeddings. In this way, users could implement their own augmen-
tation functionalities, or embedding construction, and invoke them
through the AIDA tool.
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