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1 ABSTRACT

Smart Cities forced IT technologies make a sigaiftcstep in their development. A new generatioagile
knowledge based software applications and systeame been successfully designed and implemented.
Wide capabilities of the agile applications weréisient to meet the complete set of requiremeffitsnoart
cities. Fast transformation of modern cities fromagt cities to vibrant cities throws new even more
complicated challenges to information technologi&kile smart cities assumed wide usage of agilensea
and tools for solving applied tasks, applications ¥ibrant cities must provide agile environment fo
exploring and managing of all types of data, infation and knowledge. Agile environment must beillkx
enough to support iterative data processing andysem procedures that can be easily reorganized or
changed depending on context. The aim of agilerenmient creation and support is to extend a sated
mathematical, technological and program solutidnsthe paper it is proposed to build applications f
vibrant cities using agile data science methodelegind toolsets within the commonly used approaftiies
developing agile information systems.

2 INTRODUCTION

The history of the modern society formation corgai number of evolution and revolution stages that
sequentially followed each other. The processesoofety development at early stages were forcethéy
need to survive. The progress engine of the indlisind postindustrial information societies is iceg$0
reduce amount of time and financial resources reduir producing all kinds of commonly consumed an
innovation products, to have easy access to resswsufficient to satisfy physical, cultural andrispal
needs, to reach high level of life safety. At thdustrial stage the economical sphere was consider¢he
target sphere of the development, high level ofaé@phere development was archived at the positnidu
stage. Now the society has to solve a number ofprellems arisen within the industrial and poststdal
stages. The great number of created and used tetlohijects can lead to a variety of technogeniwées,

the natural environment has been considerably dathagd needs recovery, amount of consumed natural
resources has to be reduced and substituted bynatitee sources, the social sphere needs further
development and improvement.

To solve these problems new highly technologicdutems that can substitute existing solutions in
comparatively short period of time are requiredgn8icant amount of resources is required to preduc
technologies that will provide new level of qualifyne major part of the available resources is spant to
support the existing society infrastructure. Taeftee resources for archiving the new technolodaad! of
the society development all spheres of human &ietivhave to be precisely coordinated. It assumesah
collaboration in using technical and natural resesy products provision and consumption.

Cities and towns are centers of the modern sodetselopment. They reflect the state of the sociisy,
latest achievements and trends of further evolutiihe society. An essential part of citizens@pen to all
kinds of innovations that potentially can improwgatity of their life. Cities and town provide fdeiground
for new economical, organizational, technologicall @echnical solutions creating, implementing and
approving. High concentration of population ine&sij citizens’ active social positions, high dynzasrot life,
large variety of the consumed products and servigtesng requirements to their quality and accdggib
throws new challenges to cities and forces citigpsdr development.

The overwhelming majority of citizen professionadgprivate activities in the modern information isbg
are part and parcel of all kinds of information semption and production. They gather, store, peesl
analyze data, transform it into information and \hemige. The results of the researches of the lefder
companies, for example, International Data CorpamaiDC, http://www.idc.com/), showed that amowft
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produced data is doubling in size every two yeacswill reach 44 zettabytes by 2020 [1]. Data sated by
more than 2 billion people and millions of entesps, millions of sensors and communicating devices.
Diverse software is created and used to analyzearmhpg data streams, find hidden values and
dependencies in it. Mined information and knowledgEate new challenges and provide wide opporesiti
to enhance the real world. Big amount of gatherath dused in new ways provide huge potential for
enterprises development. Ability of enterprises derive benefits of data and to obtain competitive
intelligence completely defines their demand bysbeiety and further successful development.

IDC pointed out that in 2013 only 22% of availablta was considered as a candidate for analysssthan
5% of that was actually analyzed and less than 1% was really used. In order to increase amount o
consumed data, enterprises have to be reorganizedcompanies designed for data, information and
knowledge (DIK) transformation adaptable to evarging rushing environment.

Well founded theories and techniques for analytitzth processing have been developed in the splfiere
data science. Data science is extraction of knaydddom data [2]. It includes models and methodswvdr
from many fields within the areas of mathematidafistics, and information technologies. Data soéen
techniques are used for researches in biologighlnaedical sciences, social sciences, economic#)dsss
and finance that have rich data sources.

From the perspective of modern cities data scidmag to become an integral part of vibrant cities
informational infrastructure that encompasses bollysical and organizational structures needed for
operation and evolution of the human society. it take determination and skilled workforce to fitfte
way and put to use data science for cities and $omeifare.

3 DATA SCIENCE

Data Science has appeared more than 10 years agoeaponse to acute need in theory for processidg
analyses of data with 3Vs defining properties anafisions - volume, variety and velocity. The teiData
Science” was introduced by Prof. William S. Cleveld3]. Data science allow discover true busines=ds
by taking ownership and management of the entirdetlitog process (Fig.1): collecting and managingdat
information and knowledge, building / extending ralsdand deploying models into production [4]. In
narrow sense Data Science is a discipline targatedxtracting knowledge from data that can be used
predict and explain future and past observed ev&ata science structure and goals are mostly elefiny
the DIKW (Data, Information, Knowledge and Wisdombdel, also known as DIKW Pyramid or DIKW
Hierarchy [5, 6, 7]. The model represents stru¢tiaad/or functional relationships between data,
information, knowledge and wisdom. Two views [608the DIKW model are shown in Fig.2.

/ AN e \ /
([ Discovering needs |€——— Applied subject domain \'\ Deploying models )
AN \ _
— Y it /
( Collecting data ) ( Managing data ) Building / extendmg

models

Fig. 1. Structure and steps of modeling process

Russell Ackoff' defines the terms used in the DIKWtamid considering them as the key categories that
form the content of the human mind: data is symbioiformation is data that is processed to be usefu
knowledge is application of data and informationsdem is evaluated understanding of data, inforomati
and knowledge (Table 1).

The transitions between the nodes in the DIKW chladiow extract meaning from data and create data
products. The transitions require single or mudtiplansformations of data, information, knowledge o
wisdom. Data Science incorporates varying meansiitapto support complicated transformations. The
techniques and theories used in data sciencetoefeany fields, including math, statistics, datgieeering,
pattern recognition and learning, advanced comgutimisualization, uncertainty modelling, data
warehousing, and high performance computing. F@amge, John Hopcroft and Ravindran Kannan in
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Foundations of Data Science [9] include into tis¢ dif the clustering techniques and algorithmsraelans
algorithm, a greedy algorithm for k-center crit@ridustering, spectral clustering, recursive clistebased

on sparse cuts, kernel methods, agglomerative etlngt algorithms based on dense submetrices and
communities calculation, flow methods, methods fioding local clusters without examining the whole
graph and some other methods. The number of daacscalgorithms exceeds several thousand and is
constantly increasing in response to new data,applied problems and permanently changing requinégne

to the solutions.
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Fig. 2. Views of the DIKW model: left (a) DIKW hiarchy, right (b) DIKW chain.

Ne | Motion Question to| Properties
answer
1 data - Data is raw. It simply exists and hasigoificance beyond its existence (in and of itselfcan exist in any
form, usable or not. It does not have meaningsetfit

2 infor- who? what?| It is data that has been given meaning by way lafiomal connection. This meaning can be useful,dmes
mation where? when? | not have to be. In computer parlance, a relatidatdbase makes information from the data stordumiit

3 know- how? Knowledge is the appropriate collection obinfation, such that it is intent to be useful. Kiedge is a
ledge deterministic process. Knowledge can be amasses kfibwledge has useful meaning, but it does notige

for, in and of itself an integration such as woirer further knowledge. Synthesization of new kienige
from currently and previously held information mbwledge requires its understanding. Understandiam
interpolative and probabilistic process. It is citige and analytical.

4 wisdom why? Wisdom is an extrapolative and naesmeinistic, non-probabilistic process. It callsoapall the previous
levels of consciousness, and specifically upon iapégpes of human programming (moral, ethical &d
etc.). It gives us understanding about which tle® previously been no understanding, and in deingoes
far beyond understanding itself.

[¢)

Table 1. DIKW hierarhy notions description

4 SUBJECT DOMAIN MODELS

City and town infrastructure involves millions adinous technical objects, natural objects and cergd of
objects. IBM has developed a general intelligemagtic model (ISMP model) for smart cities [10] aand
number of its customizations for separate regidrfsagment of the model is shown in Fig.2 (a).

Data about the objects is continuously gatheredgusimbedded and external sensors. Behavior of the
objects is defined by needs of solving applied [emis and requires objects interaction. The resilthe
objects activities are influenced by the environtmiarwhich the objects are functioning. Influeneetbrs

can refer to economic, social, political spheretherobjects can be impacted by natural phenon@jacts

can be also affected by both predictable and urst@gesvents. The result of joint influence of tiyabf the
factors and events on the objects’ states, behanidtheir capability to solve the end tasks atiqaar time

and in particular place is considered as a sitndfia].

From the point of view of modeling processes dgwelent and execution description of the subject doma
of cities and towns infrastructure can be simplifisn three key notions: measurements, objects and
situations (Fig.2 (b)).
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Fig. 2. Complex and simplified descriptions of subject domain of city and town infrastructuret (@) complex description, right
(b) simplified description

High complexity of the notions required design aegtelopment of the specialized informational modiets

representing data, information and knowledge abaah of the notions. The proposed models havekieyr

features:

I) to build the models it is necessary and suffiti® have the results of the parameters measutemen
i) the levels of the models are oriented on exingcknowledge out of data and information;

i) relations between the notions are orientedgeneralization of data, information and knowled§¢he
subject domain;

Iv) representations of data, information and knalgke used in the models are completely compatible wi
representations of the results of the methods lyatitnms that refer to data science.

Descriptions of objects in the models are basegbrooessing and analyses of the objects charaaterist
Values of the characteristics are obtained as éalts of measurements processing. Descriptiortheof
situations are built using the descriptions of otgehat are directly or indirectly involved or daa involved
into the situations or can potentially influence them. The defined notions and the supported osisti
allow reflect the actual state of the cities anarts infrastructure sufficiently enough to solve fiteblems
of the infrastructure understanding and in time aggment.

The schematical structures of the models for remptasy measurements (MIM), objects (OIM) and
situations (SIM) are given in tables 2-4. The medate functional multilevel models that contain
systematized data, information and knowledge abimeitnotions. The general metainformation about the
measurements, objects and situations is out ofptesented models scope. The models are targeted on
providing operational DIKW of the subject domairdaesults of their processing.

Level Element of the model Description Provider /
consumer

L1.1 Structured binary stream Parameters of thirstructured binary streams received from thieab -/ MIM

L1.2 Initial results of the parametersResults of the objects parameters measurementssespied in the form of time - / MIM
measurements series or separate measurements

L1.3 Pre-processed results of theResults of the parameters measurements processing / MIM
parameters measurements

L2.1 Segment based representation| dRepresentation of the time series of parametersumements in the form of a MIM / OIM
the results of the parameterssequence of piece-wise constant segments
measurements

L2.2 Class based representation of thRepresentation of the time series of parametersumements in the form of a MIM / OIM
results of the parametefssequence of classified segments
measurements

L2.3 Alphabet based representation |oRepresentation of the time series of parametersunements using a predefingdvIM / OIM
the results of the parametersalphabet
measurements

Table 2. Informational model of the results of abjearameters measurements

The model can be build taking into account infoipratabout measurements time and location or without
the time-space buinding.

Level Element Description Provider /
consumer
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L1.1 Functional  parameters The list of the results of the parameters measunsrieesults of measurements processingIM / OIM
measurements with the defined location in space and time

L1.2 Signal parameters The list of the results of the parameters measuntsrieesults of measurements procesgingIM / OIM
measurements with the defined location in space and time

L2 Parameters Characteristics of the objects calculated usingelalts of measurements processing OIM/ OIM
characteristics

L3.1 Physical - oriented Estimations of the results of measurements in tiiext of parameters physical nature OIM / SIM
parameters estimations

L3.2 Object —  oriented Estimations of the results of measurements in éiméext of the objects properties and state  OIMM Sl
parameters estimations

L3.3 Complex parameterg Estimations of the objects parameters in the contéxthe known dependencies pfOIM/SIM
estimations parameters behaviour

L4 Mismatches and Mismatches between the parameters expected andl dehaviour; deviations betwegnOIM / SIM
deviations parameters actual behavior and predefined patterns

Table 3. Informational model of objects

Informational model of the objects can be useddoesand provide information about the whole objdst
separate functional componemts, in particular, esgst and subsystems, or separate structure elements,
including blocks, agregates and nodes. Informasibaut the objects can be obtained or improved en th
base of the information about the objects compaand elements.

Level Element Description Provider /
consumer

L1.1 Objects involved in g List of the objects and description of the objeditectly or indirectly involved into the OIM / SIM
situation situation

L1.2 Relations between Relations between the objects involved into theasion OIM / SIM
objects

L2.1 Context dependert Descriptions of the objects with consideration loé¢ iverse factors that influence theExternal
descriptions situation sources / SIM

L2.2 Events dependent Descriptions of the objects with consideration effarate events or sequence of events [thakternal
descriptions influence the course and / or the intensity ofditeation development sources / SIM

L3.1 Situation relateq The list of the processes and the descriptionshefprocesses related to the situatjo8IM / SIM
processes lifecycle, including situation emergence, developtrend resolution

L4 Mismatches and Mismatches between the expected and actual evolafithe situation SIM/ SIM
deviations

Table 4. Informational model of the situations

Similarly to the model of the objects the modeltltd situations can be considered at different fevethe
levels of elementary situations of different scaled the level of the whole situations.

Elements of models are supposed to be describad @VL / OWL Schemes to provide interpretability of
data, information and knowledge at the machinelleve

5 DATA, INFORMATION AND KNOWLEDGE TRANSFORMATIONS

Modeling processes allow reveal and define the ritgjof the business processes. The processes assum
application from one up to several hundreds of @ieanethods and algorithms or their combinatiote T
processes are defined in terms of the subject donfdie set of the algorithms, their settings aral th
sequence of their application depend on the comtietkte solved problems. The set of the algoritizans be
properly defined only during processes executiahleas to be constantly adjusted.

Agile technologies based on agile concept introduce[12] were developed within IT. They have been
recently successfully spread to the area of datarmation and knowledge processing and analysgs [1
The agile DIK processing is based on the idea of:

* defining taxonomies for data, information and knedge and results of their processing
systematization and classification;

« defining a system of patterns of different levelsbstraction to describe business processes of the
applied subject domains and the subject domain§¥\Dprocessing;

« detailing the patterns using logical rules accaydim processed data and available information and
knowledge.

The considered approach can be successfully usashititions of the limited number of high level mess
process. The restricting didn’t contradict the iegments of the smart cities [14]. For vibrantegtithe task

of apriori definition of the processes can be harsthlved. It generates a new need to build business
processes in dynamics using logical rules and taxoes.
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A process can be described by defining the stant §8P), the end point (EP) and the path. The gt@int
defines initial conditions in which the processdeamanded and created. The end point is the tange¢ t
archived as the result of the process execution. sftucture of the processes defined in dynaminsbea
both linear and non-linear.

According to the considered subject domain modelptocesses are described in a three dimensioaed sp
(Fig. 3). The dimensions are the type of the cdntéime type of the representation and scale of
representation. Three types of content are cormidedata, information and knowledge. For DIK
representation MIM, OIM and SIM models can be uddtke scale of DIK representation depends on the
analyzed notion — measurements, objects or sitgtio fig. 3 an example of the path that allowguire
data about a situation using initial measurementgvien. The figure shows general direction ofghgh. In
fact, the path defines the sequence of data, irdbom and knowledge transformations implemented at
different scales.

The transformation is a complete of major changthéstructure and the contents of data, informatio
knowledge. The transformations can be of two typesvertical transformations and horizontal
transformations. Transformation types are definembading to their references to the levels of JDadel
(Data Fusion Model) [15]. The model was maintaibgdhe JDL Data Fusion Group and has become the
most widely-used method for categorizing data fusilated functions. The levels of the model atds-s
object data assessment, object assessment, sitaagessment, impact assessment, and processnafine
Horizontal transformations are transformations aset at one level of the JDL model. Transformatitrad
support transitions between levels refer to hot@bimansformations. In separate cases, for examplehe
subject domain of measurements processing, sublevel defined for the levels of the JDL model [16].
Transformations used for sublevel transitions &e eonsidered as vertical transformations.

o
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Fig. 3. 3D space for business processes representat

Six forms of transformations for DIKW are consid&rédata” — “data”, “information — information”,
“knowledge— knowledge”, “data— information”, “information— knowledge”, “data— knowledge”. The
first three forms refer to horizontal transformagoand the last three transformations are vertical
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transformations. In addition backward horizontansformations “information— data”, “knowledge—
information” are supported for neighboring scales.

The sequence of data, information and knowledgestoamations at the scales of signals, objects and
situations is given in Fig.4. It is a projectiontbé path shown in Fig.3 on the Contents and Soages. The
path from the SP to the EP shown in the figure fgpécal path that can be modified according torsise
needs. The results of DIKW processing can be gépedato the level of the subject domain. At theelleof

the subject domain dependencies between diversatisits can be reveiled. The set of the considered
notions can be extended with the notion “wisdond. acquire and to use “wisdom” in the sequence ef th
transformations the definition of the notion is paped to be narrowed. For different levels of JDhded
term “wisdom” has different sense. It can be defims “higher level knowledge” or “knowledge about
knowledge”.

Data Information Knowledge Wisdom

EP
<<acquire>> <<acquire>>

»0 ) Vg »0 )
1 N\, P }_X)

<<provide>>

. << >>
Domain extract:

<<provide>>

Situation and <<extract>> <<acquire>> <<acquire>>
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objects’ (S »() »( P
S = X
elements ' A
<<provide>> <<provide>>
. , <<extract>> I <<acquire>> L <<acquire>>
e e N\
Signal O > >0

I,

Fig. 4. The sequence of data, information and kedgg transformations at different scales

The set of the admissible operations for data,rm&tion and knowledge transformations is not lichitk
can be defined for the applied subject domains rdoog to the specialized requirements of the solved
problems. For solving the majority of the problethsee groups of operations are used: harmonization,
integration and fusion. The operations are applécéd data, information and knowledge. According1id]
harmonization can be treated as standardizatiogatd; the results of harmonization are supposeoeto
consumed by a great number of users. Integratioorisidered as association of data (access toesoofc
the information) for the decision making and mauadigloriented on solving current problems. Fusiom is
formal basis for expressing approaches and defitoots for associating data from various sources. |
purpose is to obtain information of higher qualigxact definition of "information quality" depends a
subject domain. Applicability of the groups of ogons for implementing transformations is definad
Table 5.

DIK Data Information Knowledge

Data harmonization integration fusion

Information operations for inverse transformationg harmonization fusion

Knowledge operations for inverse transformations  erapons for inversg harmonization
transformations

Table 5. Informational model of the situations

Harmonization, integration and fusion of DIK candmne using diverse groups of methods and algosithm
The procedures of the operations, methods anditdgwr selection and estimation are based on apiglica
of logical rules. The logical rules check:

I) correspondence of the requirements to input dathprocessed data;
i) correspondence of the expected results to #eels of the consumers;
iii) fitting the field of application;
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iv) compliance to the restrictions;
v) fulfilment of preconditions before methods atgoaithms execution;
vi) fulfilment of postconditions after methods aadorithms execution.

In addition logical rules can express recommendatior the methods and algorithms application wredie
conditions.

To use operations, methods and algorithms in teamesftions each of them must have complete OWL-based
description. Logical rules have to be describedgisiotations interpretable by inference machines.

The sequence of the transformations that definesptith (Fig. 3) is build as the result of solving a
optimization problem. It is necessary to find thahpin the 3D space for business processes repagisen
that allows reach the end point from the start {poirhe logical rules defined for the operations are
considered as restrictions. There are no limitatifun optimization methods that can be used toesthe
problem. They are selected mostly according tatreélable computational resources.

6 CASE STUDY

At the step of the smart cities development a dmrable number of interconnected smart grids haen b
developed. They allow manage energy, water, trategmn, public health and safety, and other aspett
smart citis in concert to support operation oficaitinfrastructure [18, 19].The smart city is ciolesed as an
"organism" that is supposed to work together amigrated whole [20, 21]. It is expected that &ifircities
using new integrated solutions and developed sgnat$ will transfer into a greater, highly respaesurban
ecosystem. Ecosystems are communities of livinguaiggns in conjunction with the nonliving components
of their environment [22].

The results of the analyses of the urbant climéatgewgeral regions, for example, presented in [2Bhwed
that the processes of land transformation and giowth determine radical changes in urban landscape
morphology that affect air temperature and enesghange. The influence of urbanization on locahelie

is much more intensive than, for example, globalmwag. The main cause of it is the rapidity of huma
made changes related to natural processes. That@iteof urban climate can be investigated by tavaek

of sensors that monitor the climate parameters. ififiactructure required for monitoring the stafettoe
environment is rarely well supported. As the restiiie time series’ of hydrometeorological data ao¢
available at a suitable spatial density at all elsscales [23]. It defines the need to build reggkids of
envoronmental parameters using avaibable measutemBne data about the environmental parameters
becomes outdated quickly. To have actual infornmatidout the ecosystem state at every turn it is
nesseccary to recalculate the grids in operatiomae.

The procedure of building regular grids of the pasters values includes preprocessing stage and
regularization stage. The description of the stagekthe transformations assumed for each of #gestcan
be found in [24, 25].

The preprocessing stage includes four main sulstage

« describing initial measurements, sources of thesomeanents and related information in terms of the
intelligent semantic model,

e quality control of the initial measurements usirgeaof computational procedures;
« exclusion of dupblicated values;
« reduction to standart vertical levels.

At each of the stages one or several methods gudithims can be used. As an example lets condmder t
group of interpolation methods (Fig. 5) used inshess processes executed at the preprocessinggasst
and the conditions of their application.
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Fig. 5. The hierarchy of the interpolation algamithand their relations to the solved tasks

At the stage of excuding the dublicated valuesahiheasurements or the values of the interpolptefiles

can be analyzed. In the second case the cross-limtegpolation methods are aplied to match theieslof
the profiles.

Time series of measurements may have gaps. Taedb® gaps in time series the cubic spline infatfmm

method is included into the sequence of methodsutad within the buisness processes of the pregsoug
stage.

Reduction to standart levels can be fulfilled udingar, Lagrange or Reiniger-Ross interpolatiorthods
[23]. The method is selected according to the nurobéhe dimensions of the measurements. The cdmple
list of the dimensions include latitude, longitutigght or depth, time.

The hierarhy of the interpolation methods and albors used in buisness processes for monitoringtite
of the environment and their relations to the swligsks is partly represented in Fig.5.

7 CONCLUSION

In the paper an approach to transition of moddiascfrom smart cities toward vibrant cities isadissed. It

Is proposed to build applications for the vibraities using agile data science methodologies aoldéts. It

IS suggested to use standard approaches for dawglagile information systems that must be flexible
enough to support iterative data processing andysem procedures that can be easily reorganized or
changed depending on context.

Key problems of building applications for vibraritie€s by means of using agile data science metloggiesd
and toolsets within the commonly used approacheddeeloping agile information systems are disodisse

Main advantages of suggested approach are following

» flexibility. Possibility of interaction with othecomponents provided by external developers. The set
of used components can be easily replaced by dmy components with similar functionality;

e scalability. New information and knowledge can Hdexd to a system using standard editors;

« high level of integration with other informationssgms. System can be implemented as a separate
service and is included into a set of other sesyice
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* low cost of development and support. Ready solat@re used for implementation of vibrant city
applications. Only few new components are required.

Future work is to be oriented on expansion of thevedge base and development of new algorithms for
dealing with data, information and knowledge in tinemes of vibrant city concept. Creation of big
knowledge bases allow to solve such problems @sastn of current state of the city ecosystememmts of
existing and future problems, i.e. to solve regi problem on “wisdom level”.
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