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Abstract

Modern planning and management of urban spaces is an essential topic
for smart cities and depends on up-to-date and reliable information on
urban land use. In the last years, driven by increased availability of geo-
referenced data from social or embedded sensors and remote sensing
(RS) images, various methods become popular for land use analysis.
This paper addresses the various methods that are employed in this
context, as well as data types needed for these techniques. From our
study we concluded that even using the same methods and the same
kind of datasets, results depend on spatial configuration of the data,
accordingly to the specificity of each region. The work described in this
paper is intended to provide relevant contributions to the selection of
methods for knowledge discovery for city planning and management.

1 Introduction

With the recent and rapid development of cities, concerns with sustainability opened a new way for an essential
field in recent studies: smart growth. It is an effort for better management of natural resources, by reducing
and controlling its consumption [S+16]. The needs for urban land use planning and efficient management of
urban areas have evidently become important [L+17]. These points are directly connected with the design and
development of smart cities, converging to a common objective, which attempt to create a high quality of life for
people in a more sustainable world. With attentions focused on urban spaces, land use analysis become essential.

Urban spaces have also gained focus because of issues related to urban expansion, hazard and pollution analy-
sis, traffic control, well-being, population activity monitoring, construction projects, environmental preservation,
economic analysis, as well as public health care and others topics. These subjects need essentially fine-grained
maps to design and manage the work [L+17, Z+17b]. However, as urban areas change, maintaining maps and
information about infrastructures and functional zones up-to-date is a challenge that research teams and public
administration face daily, given the complexity of modern urban systems [Z+17b, Z+17a].

2 Data and methods for urban land use analysis

In this field, many methods can be applied based on different data types. An important task for researchers is to
improve the results generated by these techniques. The integration of features extracted from various data types
can to some extent show better results. We analysed a set of studies published in the last 5 years, identifying 16
different data types, as we can see in table 1, and 26 different methods as showed in table 2.
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Table 1: Common data types used in scientific studies for urban land use analysis

Data Reference
Twitter activity [FMFM14]
LBSN user activities [ZUZ14, L+17, GJC17]

Points of Interest (POI)
[ZUZ14, J+15, Y+15, Z+17a, Z+17b, L+17, GJC17, Y+17a]
[XM18, S+18, L+18, Z+19a]

Aggregate census employment data [J+15]
Boundaries of towns [J+15]
Remote images + extra attributes [Dur15]
Taxi trajectories [Y+15, L+18]
Pubic transit records [Y+15]

Remote sensing images
[Z+17a, Z+17b, L+17, Y+17b, S+18, HZS18, L+18, Z+18b]
[Z+18a, D+19, FZS19, Z+19b]

Road network [Z+17b, S+18]
LBSN users posts [Z+17b]
Traffic analysis zones (TAZ) [Y+17a]
Text messages [XM18]
Building-level blocks [XM18]
Road blocks [HZS18, Z+18b]
Origin-destination (OD) datasets [Z+19a]

Table 2: Common methods used in scientific studies for urban land use analysis

Method Reference
Self-Organizing Maps (SOM) [FMFM14]

Clustering
[FMFM14, ZUZ14, Dur15, GJC17, L+17]
[GJC17, Y+17a, Z+19a]

Nave Bayes [ZUZ14]
Support Vector Machine (SVM) [ZUZ14, Dur15, L+17, D+19]
Random Forest (RF) [ZUZ14, Z+17a, Z+17b, Y+17a, Y+17b, XM18, Z+19a]
Bayesian networks [J+15]
Tree-based learners [J+15]
Instance-based learners [J+15]
Rule-based learners [J+15]
Multiresolution segmentation [Dur15, Z+17a, S+18, Z+18b, D+19]
Extreme learning machine (ELM) [Dur15]
Latent Dirichlet Allocation (LDA) [Y+15, L+17, GJC17, XM18]
Dirichlet Multinomial Regression (DMR) [Y+15]
Hierarchical semantic cognition (HSC) [Z+17a, Z+18b]
Object-based classification [Z+17b, S+18]
Probabilistic latent semantic analysis (pLSA) [L+17]
Word2Vec [Y+17a]
Google Inception v5 [Y+17b]
Semi-transfer DCNN [HZS18]
Kernel density estimation [L+18]
Inverse hierarchical semantic cognition (IHSC) [Z+18a]
Object-based convolutional neural network [Z+18a]
Space-time fusion algorithm (ESTARFM) [D+19]
ResNet-50 DCNN [FZS19]
Place2vec [Z+19a]
Joint Deep Learning (JDL) [Z+19b]
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3 Conclusions

In this paper, we discuss about knowledge discovery on urban land use and land cover, addressing the importance
of functional regions in this context. Moreover, we analyzed several scientific studies related to this topic, making
it possible to talk about the main challenges related to features selection. We also approached the main data types
and the methods most frequently used in this specific field. During our analysis, we compared various works based
on the types of data and the methods that were selected. We think this comparison is a source of new challenges,
which we believe are essential to be considered in future work. In various cases, even using the same methods,
for different regions, different authors arrived at different results and conclusions. Thus, we conclude that the
results vary according to the method used, but also depend on the dataset and specificities of each region, due to
factors such as construction patterns, population density and geography of the areas. Nevertheless, considering
geographic data analysis as a specific topic of data analysis, it is important to remember that the results are
directly related with data quality and granularity, but in this context, when using crowdsourced data for example,
the spatial distribution of the data is also an essential factor to take into account.

Moreover, another consideration relates to the availability of data. During the study, we found the use of
various data sources, and some of them are only available for some countries or regions. A very representative
example of this situation is Weibo data, which is only available for China and building-level blocks, that is
usually provided by public administration and is hardly available in various other locations. This limitation
makes impossible or difficult to reproduce some studies in different locations.

In this research field, when talking about land use, a growing concern is related to the improvement of the
accuracy of results, and therefore many authors have proposed the use of different data types together with
remote sensing images. However, the use of innovative types of data, in many cases, did not result in a higher
level of accuracy, compared to approaches that only use remote sensing images. This statement does not mean
that combining data from multiple sources is not an important path to follow. From this observation we conclude
that, depending on the chosen methodology, this wealth of data can improve the results obtained using remote
sensing images or in cases where only one category of data is not enough to provide acceptable results.
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