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Preface

This CCIS volume presents selected articles from the 5th edition of the Ibero-American
Congress of Smart Cities (ICSC-CITIES 2022), held on November 28–30, 2022 in
Cuenca, Ecuador, in a mixed modality, with in-person and online talks and article pre-
sentations. This event continues the successful four previous editions of the congress,
held in Soria, Spain in 2018 and 2019, Costa Rica in 2020, and Cancún, México, in
2021.

The main goal of ICSC-CITIES 2022 was to provide a forum for researchers, scien-
tists, teachers, decision-makers, postgraduate students and practitioners from different
countries in Ibero-America and worldwide to share their current initiatives related to
Smart Cities. Articles in this volume address four relevant topics (computational intelli-
gence and urban informatics for smart cities; Internet of Things; optimization, smart pro-
duction, and smart public services; and smart monitoring and communications) covering
several areas of research and applications.

The main program consisted of three round tables, 72 oral presentations and 12
poster presentations from international speakers, highlighting recent developments in
areas related to smart cities. Over three hundred distinguished participants from 28
countries gathered presentially or virtually for the congress. The Program Committee of
ICSC-CITIES 2022 received 116 manuscripts. 72 submissions were accepted for oral
presentation and the best 18 whose contents are within the Computer and Information
Science areas were selected to be published in this CCIS volume. All articles have
undergone a careful single-blind peer-review process by at least three subject-matter
experts before being selected for publication.

We would like to express our deep gratitude to all the contributors to ICSC-CITIES
2022, the congress organizers, and to the authors and reviewers for their endeavors
that made the paper-reviewing process efficient and convenient. We also thank the
participants of the congress, our institutions, and all readers of this CCIS volume.

December 2022 Sergio Nesmachnow
Luis Hernández Callejo
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Abstract. The operation and management of a municipality generate
large amounts of complex data, enclosing information that is not easy
to infer or extract. Their analysis is challenging and requires special-
ized approaches and tools, usually based on statistical techniques or on
machine learning and artificial intelligence algorithms. These Big Data is
often created by combining many data sources that correspond to differ-
ent operational groups in the city, such as transport, energy consumption,
water consumption, maintenance, and many others. Each group exhibits
unique characteristics that are usually not shared by others. This paper
provides a detailed systematic literature review on applying different
algorithms to urban data processing. The study aims to figure out how
this kind of information was collected, stored, pre-processed, and ana-
lyzed, to compare various methods, and to select feasible solutions for
further research. The review finds that clustering, classification, correla-
tion, anomaly detection, and prediction algorithms are frequently used.
Moreover, the interpretation of relevant and available research results is
presented.

Keywords: Big data · Smart city · Resources consumption

1 Introduction

The smart city concept is popular and common in scientific literature, charac-
terizing a healthy environment that improves the quality of life and well-being
of citizens [10]. Due to the diversity of services, resources, and projects, smart
cities manage huge amounts of data, typically within the Big Data concept.
One can argue what are the minimum conditions and characteristics for a city
to become “smart”. However, since nowadays most operations are controlled via
comprehensive information and communication technologies, the need to collect,
store, integrate, process, and analyze data is prevalent and important in most
cities. Over the past ten years, the number of sensors and metering devices has
been increasing geometrically. The intention to control and understand every-
thing surrounding us became a significant step in the development of technolo-
gies of environmental sensors: smart houses, smart cities, smart devices, IoT,
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and many others. Legacy information is also laying around, in spreadsheets or
databases, which can be valuable if correctly accessed and integrated. Citizens
and institutions also make use of social networks to convey opinions, criticism,
or information about resources, services, or events. The essential questions are
how to use this data and how to extract practical and meaningful information
from all these measurements. Big data is a set of technologies for processing large
amounts of data. It refers not only to the amount of information but also to the
data rate, meaning the multiple streams of data that should be processed in
real-time. Moreover, large examples of data usually enclose hidden, potentially
valuable, patterns. Several unique phenomena associated with high dimensional-
ity, including noise accumulation, spurious correlation, and random endogeneity,
make traditional statistical procedures difficult to use. In the Big Data era, large
sample sizes allow us to better understand heterogeneity by shedding light on
research such as examining the relationship between specific covariates and rare
outcomes.

This work is developed within the project “PandIA - Management of Pan-
demic Social Isolation Based on City and Social Intelligence“, which focus on
providing detailed information, such as resource consumption trends, estima-
tion of people in each area or household, a heat map of suspected outbreaks,
and others to health and municipal authorities and to emergency personal. For
that, it uses information from several sources, including pathogen characteris-
tics, infection statistics, municipal information, social networks, and hospital
information and statistics. The work described in this paper uses a systematic
literature review to understand the nature and purpose of the data generated
and collected in the context of a city. It aims to understand what types of data
are usually considered, how they what collected, what algorithms are used, and
for what purposes. We look for evidence and best practices for using city infor-
mation in Big Data settings, the impact, and results. The authors do not set out
to compare the algorithms with mathematical certainty, we just review various
approaches and provide rough estimates of effectiveness. The article should give
a base understanding of what to do with smart city data. Broadly speaking,
the purpose of this paper is to systematize the basic principles of digital data
handling in the formation and development of smart cities. The review summa-
rizes the research being done for the last five years. The literature is categorized
according to the algorithms used, the approach to handling data, the nature of
data, and the results of the data processing.

The paper is structured in four sections, starting with this introduction.
Section 2 describes the methodology followed in this study. The Result and Anal-
ysis follow, with the results and associated discussion and it finishes in Sect. 4
with some conclusions.

2 Methodology

The main objective of this literature review is to try to understand the data
structure and nature, their sources, the processes of collecting and storing, the
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algorithms and tasks these are developed to do, and, finally, the purposes or
intentions of the results. This literature review follows the approach suggested
by Materla, Cudney, and Antony [11] and by Subhash and Cudney [14], including
three phases: planning, operation, and dissemination (Fig. 1).

Fig. 1. Phases of the systematic literature review.

To guide the search, a set of research questions was considered:

1. What is the format, structure, and context of the data each paper uses?
2. What algorithms are used for urban data handling?
3. What is the complexity of each algorithm?
4. What are the results achieved after the analysis and what do they mean?

The papers were searched in Scopus and IEEEXplore. These databases were
selected because they provide a wide set of areas and the key terms provide
an initial focus on the main objective of this work. A total of 230 papers were
identified in the first run (Table 1).

Only the papers retrieved from Scopus and IEEEXplore published between
January 1st, 2015, and December 31st, 2020, whose text was available in the insti-
tutional repositories were considered. Moreover, papers without a peer review
process and written in a different language than English were also excluded.
After removing the duplicate entries, the total number of papers was 208.

Some guidelines were defined for the title, abstract, and text analysis. After
a primary assessment, a detailed analysis of conformity to a chosen theme was
made. The title’s meaningfulness, associated with the abstract description helped
with this. Next, the text was skimmed to assess if all the information needed
could be found. So, in summary, the papers were analyzed according to the
following steps:
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Table 1. Search terms and the number of papers retrieved

Database Search term Results

Scopus TITLE (“big data” AND (“urban data” OR “smart city” OR “geo data” OR

“social network” OR “predictive maintenance” OR “algorithms”))

123

IEEEXplore ((“Document Title”: “big data”) AND (“Document Title”: “urban data” OR

“Document Title”: “smart city” OR “Document Title”: “geo data” OR

“Document Title”: “social network” OR “Document Title”: “predictive

maintenance” OR “Document Title”: “algorithms”))

107

Total 230

1. Searched articles were limited to the predefined time frame (2016–2021)
2. Papers with non-relevant titles, abstracts, and keywords were excluded
3. Text that did not mention the required subjects was excluded

After analysis of the title, abstract, and text, 196 more papers were excluded
for being out of the scope of this work. A total of 12 papers remained for the
analysis (Table 2).

Table 2. The results of the search by journals

Phase Scopus IEEEXplore Total

search 123 107 230

del. duplicates 114 94 208

title 42 36 78

abstract 11 8 19

content 7 5 12

3 Analysis and Discussion

The analysis process started with the characterization of the selected references.
Content analysis followed, to assess the context and definition of self-study and
the purpose of the work described in the paper.

3.1 Characterization

In total, papers from 9 countries were found. Spain has 3 papers and China 2
papers. For United Arab Emirates, Denmark, Malaysua, South Korea, Taiwan,
India and Greece, a single paper was found. It should be highlighted that the
countries’ distribution does not connect with cities’ development in these regions.

The distribution by year reveals a peak number of papers in 2018, with 7
papers. The lowest amount of research is observed in 2019 (a single paper), which
can reflect the exploration of new approaches in the area. The remaining years
(2017 and 2016, two papers were accounted). Despite considerable attention from
the scientific community to the issue of the impact of such a resource as digital
data on the development of modern socio-economic systems, including cities,
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this area is only beginning to develop, and the understanding of the use of data
as a tool for the development of smart cities remains limited in the scientific
literature. In general, it can be noted that research is increasingly focused on
the use of digital data as a new socio-economic phenomenon, and attempts are
made to conceptualize, classify and evaluate the role of different types of data
in socioeconomic processes. In most cases, such studies are related to the use
of big data in certain areas of the urban environment, such as transportation,
public safety, and environmental protection. At the same time, the literature
lacks studies of a general systemic nature on the use of big data for smart cities
regardless of the field of application.

3.2 Data Types and Sources

The smart city concept implies integrating multiple information and commu-
nication technologies for city infrastructure management: transport, education,
health, systems of housing and utilities, safety, etc. Municipal governments col-
lect numerous heterogeneous information, and an “urban data” term can mean
various datasets: data from video surveillance cameras, traffic, air quality, energy
and water consumption, and images for smart recognition. Therefore for this
study, the essential is to recognize and classify different datasets utilized in con-
sidered resources.

Trilles et al. describe a methodology of (big) data process produced by sensors
in real-time [15]. It assumes that it works with different sensor data sources with
different formats and connection interfaces. Wireless sensor networks (WSN) are
used for monitoring the physical state of the environment: air pollution, forest
fire, landslide, and water quality. Although the system proposed by the authors is
designed to process all data types, the WSNs mainly produce numerical data like
water level, and the gas concentration in the air, mainly classified as quantitative
information. An efficient method to derive spatio-temporal analysis of the data,
using correlations was proposed by [3]. The authors use data from Bluetooth
sensors installed in light poles. The data was collected from the road sensors in
the city of Aarhus in Denmark. The measurements are taken every 5 min and the
dataset includes a timestamp, location information, average speed, and a total
of automobiles at the time of commit. The data were classified as numerical as
there are no text, images, sound, or video information.

Bordogna et al. used in their paper big mobile social data, which included
users-generated, geo-referenced and timestamped contents [4]. The content
means text data that users posts in modern emerging social systems like Twitter,
Facebook, Instagram, and so forth. Hereby, the dataset can be classified as het-
erogeneous by way of containing the text of social network posts and numerical
data of location and time. Wang et al. considered another approach to analysis
and evaluated the effectiveness of deep neural networks [16]. The aim of their
paper was the monitoring and control of local HIV epidemics. The collection
includes statistics on the number of morbidities, mortality, and mortality by
region, age, sex, and occupation. The type of data is categorized as text and
numerical.
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The researchers from Spain, Pérez-Chacón et al., proposed a methodology
to extract electric energy consumption patterns in big data time series [12]. The
study used the big data time series of electricity consumption of several Pablo
de Olavide University buildings, extracted using smart meters over six years.
Karyotis et al. presented a novel data clustering framework for big sensory data
produced by IoT applications [9]. The dataset was collected from an operational
smart-city/building IoT infrastructure provided by the Federated Interoperable
Semantic IoT/cloud Testbeds and Applications (FIESTA-IoT) testbed federa-
tion. The array is heterogeneous and represents measurements of different types:
temperature, humidity, battery level, soil moisture, etc.

Azri et al. presented a technique of three-dimensional data analytics using
a dendrogram clustering approach [2]. It is assumed that the algorithm can be
applied to large heterogeneous datasets gathered from sensors, social media,
and legacy data sources. Alshami et al. tested the performance of two partition
algorithms K-Means and Fuzzy c-Mean for clustering big urban datasets [1].
Compared techniques can be applicable to huge heterogeneous datasets in vari-
ous areas like medicine, business, biology, etc. In the paper, the authors utilized
urban data from various data sources, such as the Internet of Things, LIDAR
data, local weather stations, and mobile phone sensors.

Chang et al. developed a new iterative algorithm, called the K-sets+ algo-
rithm for clustering data points in a semi-metric space, where the distance mea-
sure does not necessarily satisfy the triangular inequality [6]. The algorithm is
designed for clustering data points in semi-metric space. To understand what
semi-metric space is, it is necessary to briefly consider the concept of metrics in
space. The metric is the mapping for some set d : X × X → R, for which the
axioms of non-degeneracy and symmetry have to be satisfied but not necessarily
the triangle inequality. If the distance between different points can be zero, the
metric is semi-metric. The method was evaluated with two experiments: commu-
nity detection of signed networks and clustering of real networks. The dataset
included 216 servers in different locations, and the latency (measured by the
round trip time) between any two servers of these 216 servers is recorded in
real-time.

Chae et al. have compared the performance of the deep neural network
(DNN), long-short-term memory (LSTM), and the auto-regressive integrated
moving average (ARIMA) in predicting three infectious diseases [5]. The study
uses four kinds of data to predict infectious diseases, including search query data,
social media big data, temperature, and humidity. Data related to malaria, chick-
enpox, and scarlet fever, for 576 days, were considered. As a result, the data is
partly numerical and partly text. The research of Chen et al. focuses on multi-
source urban data analysis [7]. The points of interest are geographical, street
view, road map, and real-estate data. The record comprises the road network
of the city, longitude, latitude, name, and functionality of a structure in the
urban environment, and imagery of locations. Obviously, the dataset is ranked
as heterogeneous.
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Simhachalam and Ganesan presented a multidimensional mining approach
in a successive way by finding groups (clusters) of communities with the same
multi-dynamic characteristics [13]. The data refers to the statistics of population,
migration, tax capacity, dwellings, employment, and commuters.

The majority of the studies assume heterogeneous nature data. There are
two research papers with only numerical data and one of the papers investigates
image data processing. Text and numerical data are dominant and they are
collected from multiple sources (Table 3).

Table 3. Data types and sources.

Paper Data Category

[15] data from different sensors heterogeneous

[3] traffic data collected from the road sensors in the city: geographical

location, time-stamp, average speed, and total of automobile

numerical

[4] social networks posts, timestamp, geo-location heterogeneous

[16] 10-year historical HIV incidence data: the number of morbidity, morbidity,

mortality and mortality by region, age, sex, occupation

heterogeneous

[12] electricity consumption for 6 years for several buildings numerical

[9] big sensory data, measurements of different types: temperature, humidity,

battery level, soil moisture

heterogeneous

[2] smart city data heterogeneous

[1] data from the Internet of Things, LIDAR data, local weather stations,

mobile phones sensors

heterogeneous

[6] locations and the latency (measured by the round trip time) between any

two data points

heterogeneous

[5] search query data, social media big data, temperature, and humidity heterogeneous

[7] geographical data, points of interests data(longitude, latitude, name, and

functionality of a structure in the urban environment), street view data,

real estate data, mobile phone location data, social network data,

micro-blog data, taxi GPS trajectory data, taxi profile data

heterogeneous

[13] the measurements of the blood tests as the corpuscular volume of test

substances and the number of half-pint equivalents of alcoholic beverages

drunk per day

numerical

3.3 Algorithms

In general, 12 different approaches to big municipal data processing were con-
sidered. The methods can be divided into groups depending on the manner
of information handling: clustering, classification, correlation, deep neural net-
work, frameworks, and community detection. Figure 2 illustrates the proportion
between different techniques. The most popular approach is clustering, various
algorithms of clustering utilized in 5 considered studies.

The approach followed by [15] includes three layers: content layer, services
layer, and application layer. The content layer includes sensor network data
sources, and the services layer provides database connection, transformations of
data, and communications protocols for real-time data handling and processing.
The last layer implies client application. The service layer implements the Cumu-
lative SUM (CUSUM) algorithm of anomaly detection. The method considers
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Fig. 2. Methods of urban data analysis

the set of observations following a normal distribution. For each collection of
measurements, the cumulative sum is calculated. When the score overcomes the
threshold, the algorithm detects anomalies. If the parameter exceeds the thresh-
old, the anomaly will be due to the increase (up-event), and if the sum is greater
than the threshold, it will be due to the decrease (down-event). Different data
types from multiple sources are processed by a special wrapper and transformed
into standard form. Transformed observation is encoded in line according to
Open Geospatial Consortium (OGC) standard for Observations and Measure-
ments.

The unique method used in [3] tried to apply correlation methods to urban
data analysis. They suggested an efficient method to derive spatio-temporal anal-
ysis of the data, using correlations, with Pearson and Entropy-based methods
and compares the results of both algorithms. Pearson’s coefficient characterizes
the presence of linear dependence between two values. The weakness of Pearson
correlation is poor accuracy when variables are not distributed normally. Mutual
information is the statistical function of two random variables, which describes
the quantity of information of one random value in another. The constraint of
mutual information is that it has a higher processing complexity than Pearson
correlation. The technique continuously calculates the average correlation for
sensory road data divided into two sectors until the data runs out. Different
types of correlation were tested.

The Long short-term memory (LSTM) neural network models, auto-
regressive integrated moving average (ARIMA) models, generalized regression
neural network (GRNN) models, and exponential smoothing (ES) models to
estimate HIV incidence in Guangxi, China, and explore which model is the best
and most precise for local HIV incidence prediction were used by [16]. ARIMA is
the model used for time series forecasting. LSTM is a recurrent neural network,
characterized by the ability to learn long-term dependencies. In this study, sev-
eral models were built. The model with the lowest mean square error (MSE) was
considered the optimal model. GRNN is a feed-forward neural network, which
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estimates values for continuous dependent variables. The principal advantages
of GRNN are fast learning and convergence to the optimal regression surface as
the number of samples becomes very large. GRNN is particularly advantageous
with sparse data in a real-time environment because the regression surface is
instantly defined everywhere, even with just one sample. The method is usually
used for functions’ approximation, so it can provide very high accuracy, but for
huge samples is computationally expensive. ES model is one of the simplest and
most widespread practices of series alignment. The method can be presented as
a filter that receives the original series members as the input, and the output
forms the current values of the exponential average.

The patterns in data related to electricity consumption were searched in
[12]. The methodology describes all stages of data processing: data collection,
cleaning, transformation, index analysis, clustering, and results. The first stage
aims to pre-process the data so that they can be clustered. The second phase
consists of obtaining the optimal number of clusters for the dataset by analyzing
and interpreting various cluster validation indices. Next, k-means is used for
clustering and, finally, retrieves the centroids for each cluster. The processing is
done in Apache Spark and the algorithms include big data clustering validity
indices (BD-CVIs) and k-means.

The community detection algorithm Girvan-Newman GN) [8] algorithm was
modified for big data clustering of IoT sensors by [9]. Their method organizes
complex data in blocks, called communities or modules, according to certain
roles and functions, organized in a multi-graph. The problem is to find in a given
multi-graph a partition of vertices where the objective function is minimized. To
achieve this, the graph edges are deleted iterative, depending on the value of the
metric. The Edge-Betweenness Centrality (EBC) is the most common metric
used, but the computation for this is time-consuming. The authors suggested
a new measure approximating EBC, which capitalizes on hyperbolic network
embedding and can be considered as the “hyperbolic” analog of EBC. This
measure is denoted as Hyperbolic Edge Betweenness Centrality (HEBC), and it is
computed by utilizing the hyperbolic node coordinates assigned to the embedded
nodes. The novel metric enhances the performance without harming accuracy.

The other technique of data organizing and processing proposed by [2] implies
3D data analytics using a dendrogram (hierarchical) clustering approach. 3D
data represents a structure of information that combines, simultaneously, the
classification and clustering tasks. The organized data is mapped to a tree
structure and retrieved by tree traversal algorithms. Dendrogram clustering is a
method of merging objects into bunches. In the study, the bottom-up algorithm
of clustering is utilized, which means that each item in a class is assigned to a
single cluster. Then combine the clusters until all objects are merged together.
An important parameter is a distance between objects in a class. The met-
ric shows a quantitative assessment of the items’ similarity ratio according to
different criteria. The given research does not provide a selection of the spe-
cific parameter, although the choice of metric occurs in the second step of the
method. The ability to retrieve information and the efficiency of the structure
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were measured. In general, the technique demonstrates a good characteristic of
information extraction but not the most attractive performance parameters.

Other clustering algorithms, Fuzzy c-Mean (FCM) and K-Means were tested
by [1]. The k-Means algorithm is one of the simplest methods but at the same
time the most inaccurate. The main idea is that at each iteration, the center of
mass is recalculated for each cluster obtained in the previous step, then results
are partitioned into clusters again under new centers. The algorithm ends when
the cluster is not changed in iteration. The fuzzy c-Mean method allows for
obtaining “fuzzy” clustering of large sets of numerical data and makes it possible
to correctly identify objects at the boundaries of clusters. However, the execution
of this algorithm requires serious computational resources and the initial setting
of the number of clusters. In addition, ambiguity may arise with objects remote
from the centers of all clusters.

A new approach for clustering data points was designed by [6]. In essence,
the method is an extension of the K-set clustering algorithm for semi-metric
space. The problem with the K-sets approach is that the triangle distance is not
non-negative. Thus the K-sets algorithm may not converge at all and there is
no guarantee that the output of the K-sets algorithm is clustering. For solving
this difficulty, the definition of triangle distance was adjusted, so that the non-
negativity requirement could be lifted. The experimental results confirm the
proficiency of the method for the geographic distance matrix and the latency
matrix. The deep neural networks for the prediction of infectious diseases were
used in [5].

A visual analysis framework for exploring and understanding heterogeneous
urban data was presented by [7]. A visually assisted query model is introduced
as a foundation for interactive exploration coupled with simple, yet powerful,
structural abstractions and reasoning functionalities.

One more clustering method is used by [13]. Fuzzy c-Means (FCM), k-
means (KM), and Gustafson-Kessel (GK) clustering algorithms are implemented.
According to the paper, the most accurate and effective algorithm is k-means
clustering, but the other methods have their own advantages and show higher
correctness in certain cases.

3.4 Algorithm Assessment

The algorithms described above have characteristics of performance and scala-
bility that should be understood. Table 4 gives a comprehensive description of
the complexity and accuracy of the considered algorithms. For many, it was not
easy to evaluate the complexity since the time depends on the characteristics
of the machine. Therefore we provide only rough estimates, and all presented
assessments are for worst-case values.

The K-sets+ algorithm yields the highest performance from all cluster algo-
rithms. The time complexity is linear O((Kn + m)I), where I is the number of
iterations. The other method with linear time is Fuzzy c-mean with O(nCI),
where C - number of clusters, I - number of iterations. If we compare the expo-
nent for these two approaches, the apparent fact is that the K-sets+ gives a little
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Table 4. Algorithms assessment

Algorithm Purpose Complexity Accuracy Ref

CUSUM algorithm anomaly detection O(n) — [15]

Mutual information and

Pearson correlation

find correlation between sensory data O(n3) + [3]

LSTM predict diseases O(w) 85%+ [16]

ARIMA predict diseases — 80% [16]

GRNN predict diseases — 76% [16]

ES predict diseases — 74% [16]

K-means clustering to extract electric energy consumption

patterns

O(n2) 78% [12]

modification of

Girvan-Newman

algorithm

community detection O(n2) 65%–100% [9]

Dendrogram clustering produce hierarchical tree structure for

data for data retrieval and analytics

O(n3) — [2]

K-Means clustering O(n2) 87,94% [1,12]

Fuzzy c-Mean clustering O(nCI) 81,91% [1]

K-sets+ clustering in metric space O(Kn + m) 95% [6]

DNN predicting infectious diseases O(wnk) 77% [5]

VAUD spatio-temporal data visualisation — 78,6%+ [7]

K-Means clustering 70,22% 60,41%–87,94% [13]

Fuzzy c-Means (FCM) clustering 68,54% 56,25%–81,91% [13]

Gustafson-Kessel (GK) clustering 60,68% 66,19%–95,83% [13]

Similarity-Matrix-based

Clustering

trip clustering O(n3) — [4]

advantage. Considering the accuracy, K-sets+ has 95% as the worst result. The
Fuzzy c-Means algorithm gives the complexity on average 81,97%. It is note-
worthy that the Girwan-Newman modification provides 100% accuracy for most
datasets and only 50% in the case of outliers. It could be used for a dataset with
low sparseness if high accuracy is required. The dendrogram clustering method
is slower than the others but can produce a hierarchical tree structure for data.
K-means clustering is the simplest method but has a quadratic complexity and
an accuracy of not more than 88% for different input data.

The deep learning algorithms were compared by the set of parameters: MSE,
Root-Mean-Square Error (RMSE), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE). From the results given by the authors,
it follows that the most accurate algorithm is LSTM, but at the same time, the
slowest. The fastest method is ES, but with the worst accuracy. All deep learn-
ing algorithms were used for predicting diseases. The accuracy of the ES and
GRNN model was relatively poor [16]. The ARIMA model has several require-
ments: the time series should be stationary with steadily changing differences,
and only linear relationships could be captured [16]. The DNN and LSTM mod-
els were observed to be sensitive to decreasing trends and increasing trends,
respectively [5]. It is worth noticing that the time complexity for the deep neu-
ral network is hard to evaluate with O notation. The authors provide real-time
results, according to the considered research the fastest model is ES, and the
slowest is LSTM.
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The CUSUM algorithm is time linear complexity. The solution is straightfor-
ward and fast but has limitations that must be taken into account, such as the
consideration that all the series must follow a normal distribution and a series of
observations cannot have trends [15]. VAUD presents the visualization of hetero-
geneous urban data. The approach is based on queries to the database, hence the
time complexity can not be estimated. The data gathered from mobile phones
and stored in one database combines different queries and different results are
obtained. The accuracy on average for queries is 76%.

One of the widespread statistical methods applied to big data is correla-
tion. In the listed papers, there is one algorithm that considered the correlation
applied to smart city data. The study compared two types of methods: Pearson
correlation and Mutual information. The time complexity for both is a cube.
But Pearson correlation can discover the linear distribution of data, and mutual
information can discover dependencies in more general data distribution cases.
However, if an application prioritizes real-time response over accuracy, Pearson
correlation will be suitable as it will only give a few false negatives. In other
scenarios with different types of data streams (temperature, pollution, etc.), it
is better to use mutual information without a priori knowledge of the poten-
tial correlations because we do not know the percentage of cases where Pearson
correlation will fail to detect the correlations [3].

The assessment of time and accuracy of all proposed algorithms demonstrate
that if our purpose is prediction, the best variant for us is deep neural networks
like LSTM. For effective clustering, the K-sets+ or Fuzzy c-Means algorithms are
the most powerful. If it is necessary to obtain additional analysis, it is possible
to find the correlation. Considering the context of municipal data the frame-
works are beneficial, as they assume all stages of data processing from storage
to visualizing.

3.5 Processing Outcomes and Purpose

The anomaly detection by CUSUM algorithm of the [15], creates the warning
message for the client side in the case of rare events. Each event contains a sensor
identifier (sender field) and the identifier of the particular observation that has
caused the event (identifier field). An event dashboard visualizes this data. The
panel shows all sensing nodes of a network on a map using markers. Inside each
marker, the amount of events that have been detected for this particular sensing
node appears. If this node triggers an event, the marker turns red, if not the
marker remains blue.

The analyses based on the correlation and mutual information were used to
monitor the traffic of the city. Three sets of experiments have been performed. In
the first one, the performance of Pearson correlation and mutual information was
compared [3]. The results were visualized on Google Maps. It can be concluded
that the Pearson correlation is effective for the linear distribution of data, and
mutual information is vital for nonlinear dependencies but requires more time.

The results obtained by [16] are predictions of HIV disease for two years. Each
compared algorithm has its metrics. For example, ARIMA includes a moving
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average process, an auto-regressive moving average process, an auto-regressive
moving average process, and an ARIMA process according to the different parts
of the regression and whether the original data are stable. To evaluate data
accuracy, they compared with original information about HIV cases for 2015
and 2016 years. The same type of outcomes data demonstrates the [5]. They
compared the same parameters for LSTM, DNN, and ARIMA to evaluate infec-
tious disease prediction correctness. All cluster algorithms give the same result
as a count of clusters and their accuracy.

The electricity consumption data were clustered into 4 and then into 8 groups
in [12]. The outcomes are presented as diagrams. The clusters are categorized
depending on buildings, seasons of the year, and days of the week.

The modification of the Girvan-Newman method with a novel metric pro-
vided by [9], was applied to multidimensional data obtained from an operational
smart-city/building IoT infrastructure. The authors presented an accuracy eval-
uation, modularity, and time comparison of HGN and GN, comparing the execu-
tion time of GN and HGN algorithms for graphs with known communities and
modularity comparison for 5, 10, 20, 30, and 60-minute sampling. Given that
statistics demonstrate the computational efficiency and that algorithm can give
accurate outcomes.

The cluster visualization into dendrograms, as tested on the information
about 1000000 buildings was presented by [2]. Response time analysis was pro-
vided as well, which exhibits that response time for the proposed method is
50–60% faster than non-constellated data.

4 Conclusion

The aim of the article was to figure out what is the trend in the city’s infras-
tructure data processing. The authors were interested in consumption data of
electricity, water, heat, data of city traffic, and the methods for creating predict-
ing models, clustering, and classifying. Increasingly, big data are seen as a key
resource for the development of the urban environment, which presents opportu-
nities for the optimization of economic processes, the creation of innovations in
the social sphere, formation of new management models. The literature review
serves as a foundation for future work in resource expenditures data analysis
and urban management system creation.

The article presents a detailed analysis of the twelve papers from the last
five years. The authors considered the techniques of urban data processing. The
input and output data, assessments of algorithms’ effectiveness, and methods
description are provided. The inspection gives the following results: 1 algorithm
of correlation, 2 algorithms of classification, 1 method of anomaly detection, 2
approaches for data visualization, 5 algorithms of predicting, and 6 methods for
data clustering. A disproportion between the number of reviewed articles and
the number of techniques dues to the fact that more than one method in each
research was provided.

The input and output data vary depending on the method and purposes
of the research. Predominantly heterogeneous data sources are considered. In
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one case the images are exploited and in two cases the numerical information is
leveraged. The heterogeneous data mean that the information of different bases
is used: images, text, and numerical. The video or sound data is not used in
reviewed papers. The major part of the investigation offers a clustering model in
the capacity of output results. The second place in prevalence is frameworks. The
remaining outcomes can be divided between deep neural networks, classification,
and correlation models.

The most interesting approach is the leverage of LSTM. Based on surveyed
articles LSTM gives the highest accuracy of prediction and is the fastest solution
in comparison with similar solutions. The forecasting of social phenomena based
on city data is the most desirable result. Although, in the context of the modern
situation is a still challenging task, as the whole pipeline of the assembly, pro-
cessing, and analysis is important. As the given review demonstrates, different
data are necessary for various problems, different algorithms give diverse find-
ings. The dilemma of the practical benefits and standardization in smart city
data is still open.
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12. Pérez-Chacón, R., Luna-Romera, J., Troncoso, A., Mart́ınez-Alvarez, F., Riquelme,
J.: Big data analytics for discovering electricity consumption patterns in smart
cities. Energies 11(3) (2018). https://doi.org/10.3390/en11030683

13. Simhachalam, B., Ganesan, G.: Performance comparison of fuzzy and non-fuzzy
classification methods. Egypt. Inform. J. 17 (2015). https://doi.org/10.1016/j.eij.
2015.10.004

14. Subhash, S., Cudney, E.A.: Gamified learning in higher education: a systematic
review of the literature. Comput. Hum. Behav. 87, 192–206 (2018). https://doi.
org/10.1016/j.chb.2018.05.028

15. Trilles, S., Belmonte, O., Schade, S., Huerta, J.: A domain-independent methodol-
ogy to analyze IoT data streams in real-time. A proof of concept implementation
for anomaly detection from environmental data. Int. J. Digit. Earth 10(1), 103–120
(2017). https://doi.org/10.1080/17538947.2016.1209583

16. Wang, G., et al.: Application of a long short-term memory neural network: a bur-
geoning method of deep learning in forecasting HIV incidence in Guangxi, China.
Epidemiol. Infect. 147, e194 (2019). https://doi.org/10.1017/S095026881900075X

https://doi.org/10.3390/s18041205
https://doi.org/10.1155/2018/7391793
https://doi.org/10.1155/2018/7391793
https://doi.org/10.1080/14783363.2017.1328980
https://doi.org/10.3390/en11030683
https://doi.org/10.1016/j.eij.2015.10.004
https://doi.org/10.1016/j.eij.2015.10.004
https://doi.org/10.1016/j.chb.2018.05.028
https://doi.org/10.1016/j.chb.2018.05.028
https://doi.org/10.1080/17538947.2016.1209583
https://doi.org/10.1017/S095026881900075X

	Big Data Trends in the Analysis of City Resources
	1 Introduction
	2 Methodology
	3 Analysis and Discussion
	3.1 Characterization
	3.2 Data Types and Sources
	3.3 Algorithms
	3.4 Algorithm Assessment
	3.5 Processing Outcomes and Purpose

	4 Conclusion
	References




