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Abstract

The rapid evolution of sensor technologies, particularly within the Internet of Things (1oT)
domain, has led to an era dominated by massive real-time data flows. This transition
resulted in the need for novel data processing methodologies that facilitate the shift from
traditional o [Ond batch analytics to agile real-time predictions and analyses.

Dissertation supports the deployment of analytical solutions from the laboratory envi-
ronment to the real-world setting. In particular, we address the problems of autonomous
data cleaning, data enrichment and fusion, feature selection, and overall design of such a
solution. At the core of this study lies an incremental data fusion technique for generating
feature vectors suitable for machine learning models that are built from a set of heteroge-
neous data streams. The significance of such a methodology has been largely ignored in
most studies in this field, which tend to concentrate solely on the e [edtiveness of machine
learning models. These studies assume that the data used are consistent, aligned, and
readily accessible, which is rarely the case in real-world scenarios.

The aim of this work is to provide an architecture and functional framework that
address the limitations discussed above. First, we present a data cleaning methodology
that takes advantage of the ability of the Kalman filter to make short-term predictions,
including predicting variance. The method can be used to clean data streams with a
sampling rate that is much higher than the rate at which the measured phenomena change,
which is a common situation in the Internet of Things (loT). Second, we present the
methodology for fusing multiple heterogeneous streaming data sources into feature vectors.
The proposed methodology has the ability to address the challenges posed by the features
of heterogeneous data streams, such as time delay and varying data sampling rates. In
addition, it enables the incorporation of both predicted and precalculated values into the
feature vector. Using the proposed methodology, the system generates feature vectors
consisting of data values that are aligned with the appropriate timestamps, values that
have been aggregated or enriched, delayed values, static values that are relevant, and
predictions, such as weather forecasts for the corresponding timestamp. This type of
system has the capability to generate comprehensive feature vectors, which allows for
e Ledtive modeling of the system. A large quantity of possibly correlated features does not
necessarily lead to the optimal modeling outcomes. Hence, FASTENER, a novel feature
selection algorithm that employs genetic algorithms and multi-objective optimization. The
algorithm was designed for the task of segmenting Earth observation images. However, it
has demonstrated unexpected e [edtiveness in various other situations, such as time-series
forecasting. Subsequently, we place the created solutions within the Big Data lambda
architecture, which consists of two pillars: speed and batch. We propose extending the
capabilities of the speed pillar, responsible for processing real-time data and providing
low-latency results, with analytical capabilities such as anomaly detection and forecasting.
These abilities are driven by presented incremental data fusion and enrichment techniques
and surpass the event detection scenarios that have traditionally been envisioned in this
pillar. We apply this architecture to facilitate the water management domain. In the water
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management domain we also test the usability of incremental learning algorithms such as
Hoe [dihg trees and compare them to traditional batch methods.

The e [edtiveness of the suggested approach has been evaluated in several scenarios,
including domains such as energy management, transport, and environment. Most recently,
the framework has been integrated into the final platform of the H2020 NAIADES project,
successfully demonstrating its applicability in real-world scenarios of water management.



Povzetek

S hitrim razvojem senzorskih tehnologij, Se posebej v okviru interneta stvari (1oT), smo
vstopili v obdobje, ki ga zaznamujejo velike koliCine podatkov, ki so na voljo v realnem
Casu. S tem so nastale potrebe po novih metodah obdelave podatkov, ki omogocajo prehod
od tradicionalne paketne (batch) analize do uporabe metod analize podatkov v realnem
Casu.

Doktorska disertacija se ukvarja s prenosom analiticnih reSitev iz nadzorovanega la-
boratorijskega v realno okolje. Posebej se ukvarjamo s problemi avtonomnega €is€enja,
obogatitve in zdruZevanje podatkov v realnem Casu, izbire znacilk ter izdelave ustreznih
informacijskih reSitev. Jedro te Studije predstavlja nova tehnika inkrementalnega zdruze-
vanja podatkov iz heterogenih podatkovnih tokov v vektorje vektorjev znacilk, primerne
za uporabo v modelih strojnega u¢enja. Pomembnost tak3ne metodologije je bila v ve€ini
Studij na tem podrocju spregledana, saj se slednje ve€inoma osredotoCajo zgolj na ucin-
kovitost modelov strojnega ucenja. Te Studije predpostavljajo, da so uporabljeni podatki
pravilni, Casovno usklajeni in vedno dostopni, kar v realnih scenarijih redko drzi.

Cilj te naloge je razviti arhitekturo, ki presega zgoraj navedene privzetke. V disertaciji
najprej predstavimo metodologijo €is€enja podatkov, ki izkoris€a zmoZnost Kalmanovega
filtra za izdelavo kratkoroCnih napovedi, vklju¢no z napovedovanjem variance. Ta me-
toda se lahko uporablja za CisCenje podatkovnih tokov, katerih vzorcenje je veliko visje
od hitrosti sprememb merjenih pojavov, kar je obiCajno pri internetu stvari (IoT). Nada-
lje predstavimo metodologijo za sprotno zdruZevanje mnoZice heterogenih virov preto¢nih
podatkov v vektorje znaCilk. Predlagana metodologija zmore prese€i izzive, ki nastanejo
zaradi heterogenih podatkovnih tokov, vklju¢no s ¢asovnim odstopanjem posameznih me-
ritev in razlicno hitrostjo vzorenja meritev. Poleg tega sistem omogoca tudi vkljucevanje
napovedi in predhodno izracunanih vrednosti v vektorje znacilk. S pomocjo opisane meto-
dologije je sistem sposoben generiranja vektorjev znacilk, ki vkljucujejo ¢asovno usklajene
podatke iz razli¢nih virov, agregirane in obogatene vrednosti, odloZene vrednosti, staticne
vrednosti, in vrednosti relevantnih napovedi, kot so npr. vremenske napovedi. Tak3en
sistem je sposoben ustvarjanja zelo obseZznih vektorjev znacilk, ki omogoc¢ajo ucinkovito
modeliranje. Velika koli¢ina znacilk pa ne vodi nujno do optimalnih modelskih rezultatov,
zato v nadaljevanju disertacije predstavimo Se algoritem za izbiro znaCilk FASTENER, Ki
uporablja genetske algoritme in veckriterijsko optimizacijo. Algoritem je bil posebej zasno-
van za nalogo segmentacije satelitskih slik za potrebe v kmetijstvu, vendar pa je pokazal
nepri¢akovano uc€inkovitost tudi v razlicnih drugih primerih, npr. za napovedovanje ¢asov-
nih vrst v energetiki, prometu in upravljanju z vodo. Vse predstavljene reSitve na koncu
postavimo v lambda arhitekturo v okviru masovnih podatkov (Big Data). Lambda arhi-
tekturi tako dodamo analiticne zmoznosti, ki niso omejene zgolj na zaznavanje dogodkov.
Predlagano arhitekturo smo uporabili pri implementaciji sistema za podporo odlo¢anju na
podro€ju upravljanja voda. Na istem podro¢ju smo preizkusili tudi uporabnost algoritmov
za inkrementalno ucenje, kot so npr. Hoe [dihgova drevesa, in jih primerjali s tradicional-
nimi paketnimi metodami.



Ucinkovitost predlaganega pristopa smo ocenili v ve€ scenarijih, ki obsegajo podrocja,
kot so upravljanje z energijo, prometom in okoljem. NajnovejSa implementacija celotne
reSitve je bila izvedena v okviru evropskega projekta H2020 NAIADES, kar dokazuje njeno
uporabnost na podroc¢ju upravljanja voda.
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Chapter 1

Introduction

In theory, theory and practice are the
same. In practice, they are not.

Albert Einstein

With the growth of the number of smart sensors, we are increasingly able to access vast
amounts of data that can be used to improve the knowledge about observed systems. This
data is usually high frequency and is often updated in (almost) real time. Because of this,
the Internet of Things (loT) has also changed the focus in machine learning from o ine
analysis (batch) to real-time (online) prediction and analysis.

To achieve the full analytical potential of streaming data from the internet of things,
the interconnection of various data sources is needed. By de nition, those sources are
heterogeneous, and their integration is not a trivial task. A common approach to exploiting
the potential of streaming sensor data is to use machine learning techniques for predictive
analytics in a way that is agnostic to domain knowledge. This approach can be easily
integrated in various use cases.

In the dissertation, we consider a methodology for development and deployment of real-
world machine learning models that solve problems such as: predicting energy consumption
on smart grid or demand of potable water in a water distribution network in the next days,
predicting groundwater and surface water levels at various spatial points, predicting energy
demand of an electrical train, etc.

The aim of the dissertation is to develop a generic pre-processing framework for het-
erogeneous data streams and test its modeling capabilities in real-world scenarios. The
core of the framework is a real-time data fusion component, which is able to integrate
several heterogeneous real-world data sources (streams or static) into a descriptive feature
vector. The framework is based on the lambda architecture approach, which divides pro-
cessing into two pillars: speed (real-time) and batch. We propose a modeling work ow,
where the model is developed in a batch setting (including automated feature selection)
and then pushed into the deployment and chained with autonomous data cleaning, feature
engineering and heterogeneous streams data fusion.

We base our work on the Big Data lambda architecture (see Figure 1.1), building on
main pillars [1]. We propose a work ow for development and deployment of machine learn-
ing models that extends the initial lambda architecture proposal. Our main innovation is
the extension of the speed pillar, where we overcome the limits of simple event detec-
tion and processing. We introduce autonomous on-line data fusion of heterogeneous data
sources [2], which supports either incremental models (online training and inference) or
batch model inference and training data generation. We also propose an autonomous data
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cleaning methodology based on Kalman lter for sensor data cleaning [3]. In the batch
pillar, the tools have been developed in depth in the past and several industry-standard
tools already exist (from data storage to data manipulation and model development) [4].
In the batch pillar, we propose a novel feature selection methodology (FASTENER), based
on a genetic algorithm [5]. The methodology is able to select a subset of relevant fea-
tures faster than competing algorithms and o er fast model development even with large
datasets. Several o ine and online modeling techniques dealing with time series prediction
and anomaly detection ([1], [6] [9]), both batch and incremental, were tested within the
scope of the proposed framework.

1.1 Motivation

The scienti c community has been discussing the increasing amount of data originating
from the Internet of Things (IoT) for more than a decade. The IoT reached the mass
market in early 2014 [10] and its ubiquitous in uence and challenges are still permeating
the scienti ¢ literature. The eld of big data processing has improved drastically and a
plethora of solutions for various 10T problems have reached their production stage.

The volume of data keeps rising, and as technology is penetrating new markets (e.g.,
water management), new challenges are put in front of the industry and academia. The
need for e cient and accurate analysis of these data is still an issue. Stream processing
has been established as a potential answer to the analysis of big data, and incremental
learning has been rediscovered to answer some of the challenges (like concept drift or
learning e ciency). While the eld of incremental learning has matured through the last
decade and a wide variety of algorithms have been described, tested, and implemented in
various software libraries, the applications of methodologies from a laboratory to the real
world have been scarce.

Throughout our work in various applications within the environmental domain, water
management, tra c, energy e ciency, and smart grid modeling, we have (among others)
identi ed the following shortcomings: most of the scienti ¢ work on incremental learning
has taken place inside the lab, emulating unreal (ideal) conditions, which are rarely en-
countered in the real world; mostly this remark applies to the data availability and data
preparation step (including data fusion and generation of machine-learning-ready rich data
streams).

The ongoing lack of on-line data pre-processing techniques ([11], [12]) reduces the pos-
sibility of using streaming and also hybrid approaches in real-world scenarios, where data
pre-processing is done on-line and prediction models are implemented using traditional
machine learning (ML) approaches. McKinsey [13] has established that up td0% of the
data value emerging from loT is hidden within the synergistic e ects of di erent systems.
With the exception of the IoT Streaming Data Integration (ISDI) framework [14], which
solves time alignment issues of data integration, a generic methodology for the genera-
tion of feature vectors for machine learning approaches in the 10T scenario does not yet
exist and this work aims to |l this gap. Other proposed solutions ([15] [19]) can solve
application problems; however, they lack the functionality to be implemented in a general
scenario.

The framework proposed in the dissertation o ers a complete streaming methodology
for building rich feature vectors, describing important process characteristics (or features),
suitable for traditional or incremental machine learning algorithms. Within the dedicated
big data framework, the proposed methodology is able to merge data from a set of het-
erogeneous streaming data sources (i.e., from the loT, weather forecasts, and data about
human behavior) in a real-world setting and enables machine learning models to yield more
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Figure 1.1: Lambda architecture for processing Big Data with scienti ¢ contributions and
references to journal papers describing particular components. Paper [1] also describes the
overall architecture of the system.



4 Chapter 1. Introduction

accurate, and thus more useful results in real time.

1.2 Aims and Hypotheses

The thesis has two main hypotheses that will be addressed and tested experimentally.

" Hypothesis 1 : Including multiple relevant data-sources improves the overall models'
performance in real-time predictive time-series analytics.

Prior state of the art: No generic incremental framework for data fusion has been
available in an incremental setting [2]. The majority of the incremental learning
literature assumes arti cial modeling scenarios, where all the data are available im-
mediately (no delays, no missing/wrong data). It is a well-known fact that usage of
several contextual data sources adds to the overall information gain and therefore
improves the models' performance, which has been tested in several settings, mostly
batch (o ine).

Aim: Our goal is to create a formal de nition of data fusion of heterogeneous stream-
ing data sources, as well as autonomous methodologies and prototypes for online data
cleaning (based on Kalman lIter), fusion, and enrichment of heterogeneous data
streams. With the vast number of derived time series from the original data, our
goal is to develop a novel algorithm for feature selection based on information theory
and multi-objective optimization approach, which would enable e cient de nition of
feature vectors.

Hypothesis 2 : Uni ed big data architecture that includes the cleaning of autonomous
data and the fusion of heterogeneous source data is suitable for di erent scenarios in
the real world (loT, Earth observation, energy grids, water management, transport,
etc.).

Prior state of the art: Numerous proposals have been put forward for architectures
related to Big Data. The lambda architecture already distinguishes between two main
pillars, batch (for o ine processing) and speed (for online processing). However, in
all the de nitions, the speed pillar is composed only of (complex) event processing
and does not include other analytical functionalities. Most of the research dealing
with contextual data is performed o ine, the dedicated systems are run in batched
mode, or the online fusion is suitable only for a speci ¢ application.

Aim: Our goal is to propose an extension to the big data lambda architecture for
hybrid model development and deployment that will also include analytical capa-
bilities (such as predictive analytics and anomaly detection) in the speed pillar, as
well as means for pushing the trained model (or incremental model de nitions) from
batch to speed pillar (house architecture). Our aim is also to introduce and test
the feasibility of incremental learning in the eld of water management and earth
observation. Finally, we aim to evaluate the proposed architecture and methods in
several real-world scenarios from the energy management, water management, smart
cities, transport energy management, and earth observation domains.

1.3 Scienti ¢ Contributions

The main scienti ¢ contributions (SC) of the dissertation are as follows:

SC 1 - Novel methodologies for data cleaning, data fusion, and feature
selection : A formal de nition of data fusion of heterogeneous streaming data sources
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and development of autonomous methodologies for online data cleaning (based on
Kalman lter), fusion, and enrichment of heterogeneous data streams. Development
of a novel algorithm for feature selection based on information theory and the multi-
objective optimization.

SC 2 - Extension of lambda architecture . An extension of big data lambda
architecture for hybrid model development and deployment.

SC 3 - Evaluation in real-world scenarios . Evaluation of the proposed archi-
tecture and methods in several real-world scenarios from energy management, water
management, smart cities, transport to Earth observation. Introduction of incremen-
tal learning in the eld of water management.

1.4 Organisation of the Thesis

Thesis begins with an introduction, motivation and an overview of the aims, hypotheses
and scienti ¢ contributions. Along the published journal papers, the latter are presented
in Figure 1.1.

Chapters 2 through 5 present ve papers published in peer review journals. Each
chapter gives a short introduction to the paper presented in the same format as published
in the journal. Chapter 2 is dedicated to the rst step in the overall picture (see Figure
1.1) - data cleaning BC1]. The chapter presents a paper titledAutonomous Sensor Data
Cleaning in a Stream Mining Setting [3]. In Chapter 3, we proceed with the introduction
of online heterogeneous data fusion tailored for machine learning applicationSC1]. The
paper titled Streaming data fusion for the internet of things[2] represents the cornerstone
of the thesis. In order to e ciently use data fusion, an e cient feature selection is needed.
A novel feature selection algorithm called FASTENER, based on genetic algorithms and
a multiobjective optimization approach, is presented in Chapter 4 $C1] alongside the
paper titted FASTENER feature selection for inference from earth observation datg5].
Next, in Chapter 5, we present an implementation of the framework based on architecture
and components presented in this thesis§C2] as well as the nal piece in the mosaic,
the usage of incremental learning techniques in the platform. The framework is described
in depth in the paper titted Computer Architectures for Incremental Learning in Water
Management [1], whereas incremental learning techniques have been tested Wsage of
statistical modeling techniques in surface and groundwater level predictid20].

Evaluation of the methodologies in the real-world scenariosgC3] is given in each of
the papers presented from Chapter 2 through 5.

Chapter 6 concludes the thesis by looking back at the main scienti ¢ contributions
and clearly stating objectives and directions for future work and research on the topic of
pre-processing of heterogeneous data streams for Internet of Things applications.






Chapter 2

Autonomous Data Cleaning on a
Stream

Garbage in, garbage out.

George Fuechsel

In this chapter, we introduce the paper entitled Autonomous Sensor Data
Cleaning in a Stream Mining Setting authored by Klemen Kenda and Dunja
Mladeni¢. This paper has been published in the Business Systems Research
Journal [3]. Klemen Kenda contributed to the conceptualization, methodology,
software development, evaluation, and visualization. Furthermore, he took the
lead in writing the paper.

Data streams originating from the loT are inherently prone to various inconsistencies
and aws. Autonomous data cleaning engine is a prerequisite for an e cient real-world
implementation of a machine learning pipeline and represents the rst building block after
data ingestion of such a pipeline (see Figure 1.1).

Our approach to online data cleaning is based on the utilization of the Kalman lter.

In the context of machine learning, the Kalman Iter can be regarded as an incremental
short-term predictive model. The fundamental premise underlying the Kalman lter is
the concealment of the true state of the system from the observer. Consequently, the
Iter's primary objective is to deduce the hidden actual state of the system based on the
observed states. Both the hidden state and its dynamics are stipulated by the user and
serve as foundational components of the Iter. With new data incoming, the Kalman lIter
incrementally adjusts its parameters, aligning with the user-de ned criteria. The Iter
operates across two distinct phases.

In the rst phase, also known as the projection phase, the lter forecasts the forth-
coming hidden state of the system along with the corresponding covariance matrices. This
prediction facilitates the data cleaning system in establishing an interval that includes the
next expected data point. If the subsequent measurement falls outside this interval, it is
agged as an outlier and the predicted value takes its place.

The methodology has been tested on 9 arti cial labeled datasets as well as 5 unlabeled
datasets (two synthetic datasets and three real data sets of groundwater levels, server load,
and from smart grids). In the labeled arti cial datasets, our Kalman Iter method produced
an averageF; score that was0:03 lower than the score achieved by the ARIMA method.
The method's success is remarkable, given that it is incremental and only considers past
data. An indirect evaluation approach was used to estimate the e ectiveness of the data
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cleaning process for the unlabeled datasets. The evaluation was based on the improvement
observed in modeling results when using the cleaned data. For 3 real data sets (ground
water, server load and smart grids) the regression models improved on average in more
than 66% of the time series.
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Chapter 3

Heterogeneous Streaming Sources
Data Fusion for Machine Learning

Data fusion is like a marriage:
integrating data sources together
requires patience, compromise, and a
common language.

Kirk Borne

This chapter presents the paper titled Streaming data fusion for the internet
of things by Klemen Kenda, Bla® Ka®if, Erik Novak and Dunja Mladeni¢ and
presents the centerpiece of this thesis. The paper was published in the Sen-
sors journal (IF 2019: 3.275) [2]. Klemen Kenda is the main author of the
paper. He contributed to conceptualization, methodology, software develop-
ment, validation, formal analysis, data curation, writing, visualization, project
administration and funding acquisition.

In the context of the Internet of Things (loT), data fusion, also known as sensor data
fusion or information fusion, refers to the process of combining and integrating data from
multiple sensors or sources to create a more accurate, comprehensive, and meaningful
representation of the environment or system being monitored.

The main goal of data fusion in 10T is to extract valuable insights, improve decision-
making, and enhance the overall e ciency of 0T applications. By fusing data from mul-
tiple sensors, the resulting information can provide a more accurate understanding of the
environment, which can result in better modeling capabilities such as creating predictions
or anomaly detection, and a more holistic view of the system's behavior.

There are several types of data fusion techniques used in IoT that vary from local to
more global approaches and are based on the JDL model [21]:

1. Sensor-level Fusion: This involves combining raw sensor data at the individual
sensor level to reduce noise and errors. It can include techniques like ltering, cali-
bration, and data alignment.

2. Feature-level Fusion: In this approach, extracted features from the data of di er-
ent sensors are combined to create a more informative representation. This can help
in reducing data dimensionality and improving the e ciency of analysis.
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3. Decision-level Fusion: Here, the outputs or decisions from multiple sensors are
combined to make a more reliable decision. This technique is often used to improve
accuracy and robustness in applications like object tracking or localization.

4. Information-level Fusion: This is the highest level of fusion, where higher-level
knowledge or context is integrated into the data to create a comprehensive under-
standing of the situation. This can involve incorporating external data sources,
historical data, or expert knowledge.

Our methodology focuses on feature-level fusion and is ignorant of any high-level se-
mantic information regarding the observed system, such as sensor metadata or even the
system's knowledge graph [2]. The purpose of the research was to create a useful com-
ponent in the lambda architecture that would enable fast deployment of real-world loT
applications of machine learning, such as predictive modeling or anomaly detection.

The paper provides a formal de nition of heterogeneous data streams fusion, a working
streaming data fusion framework, and conceptual architecture of the system. In the lambda
architecture, the data fusion component is located immediately after data cleaning (see
Figure 1.1).

The methodology is able to ingest three types of data: streaming sensor data, updating
predictions (such as weather forecasts) and static data (such as data describing human
behavior, for example working days). Three algorithms are presented that enable the
framework to generate enriched data streams and fuse them locally and globally.

The system has been deployed in both a cloud environment and an edge device. Val-
idation of the methodology's e ciency has been accomplished through cloud deployment,
using public train data from edge devices on the smart-grid dataset. In addition, a perfor-
mance evaluation was conducted on the tra c data set.

The ndings strongly support the advantages of employing data fusion techniques.
Enhanced data streams have demonstrated a higher model accuracy when compared to
nonenriched streams. Moreover, the use of multiple data streams that provide contextual
information has yielded superior model outcomes compared to relying solely on single-
source data streams.

In the train scenario, when predicting electricity consumption for a prediction horizon
of 10 seconds on the edge device on a train, the model accuracy increased freth= 0:62
(when only using additional auto-regressive features) toR? = 0:8 using random forest
regression with the top 20 correlated features. In the smart grid scenario, the most suc-
cessful predictive algorithm was also the random forest. The prediction horizon was set
to 10 hours. Performance improved fromR? = 0:90 for models using only auto-regressive
features to R? = 0:93 with the top 20 features. In the tra c data set, we predicted the
energy demand for an electric train power station10 hours in advance. Random forest
performance improved fromR? = 0:68 to R? = 0:80.

The implemented system has been successfully deployed across two distinct environ-
ments: a cloud-based infrastructure and an edge computing device. In a cloud-based
deployment, the methodology's e ciency has been validated on the smart grid dataset.
On edge devices, deployed in public electric trains, the e ectiveness of the methodology
has been validated on the tra c data set.

The results con rm the bene ts of using data fusion methods: enriched data streams
yield better model accuracy than nonenriched ones, and streams from multiple data streams
that describe more context yield better model results than single-source data streams.
Additional validation of the overall system in water management scenario is also given in
Chapter 5.
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Chapter 4

Feature Selection Using
Multi-Objective Optimization

Natural selection is the preservation of
favored races in the struggle for life.

Charles Darwin

This chapter presents the paper titted FASTENER feature selection for infer-
ence from earth observation dateby Filip Koprivec, Klemen Kenda and Beno
'ircelj published in Entropy journal (IF 2020: 2.524) [5]. Filip Koprivec and
Klemen Kenda share the rst authorship of the paper. Klemen Kenda con-
tributed to conceptualization and methodology, validation, writing and also to
project administration and funding acquisition. Klemen Kenda was supervising
the work of the other co-authors.

Feature selection represents a crucial step in optimizing the performance of the model.
Based on the evaluation criterion, the feature selection methods are divided into Iter and
wrapper methods. Filter methods utilize the statistical performance of the data it trains
for feature evaluation and do not have a relation to the learning algorithm used. On the
other hand, wrapper methods use the training accuracy of learning algorithms. Algorithms
can, therefore, capture more speci ¢ behavior at the expense of computational complexity.
For wrapper algorithms, feature selection represents a search in the feature space. The
task of nding a minimal feature set that yields the best possible model results is proven
to be an NP problem [22].

Wrapper algorithms employ di erent search algorithms for feature selection: complete
search, heuristic search, random search [23]. A complete search can nd the optimal solu-
tion; however it often demands relatively large computational requirements. To nd the op-
timal feature subset, the M -feature combinations ofN original features must be searched.
Therefore, in most practical situations, an exhaustive search cannot be achieved [23].

FASTENER algorithm belongs to the family of random search approaches. It was orig-
inally developed to be used in land-use classi cation based on earth observation data, how-
ever, we have shown that the algorithm performs very well also on several other use cases,
including environmental and biological datasets. FASTENER exploits entropy-based mea-
sures, such as mutual information in the crossover phase of the iterative genetic approach.
FASTENER outperforms other multi-objective wrapper methods in terms of converging
to a (near) optimal subset of features more quickly.
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We evaluate the performance of wrapper methods with an area under (Pareto) front
(AUF), where the front is represented withF; scores of optimalk selected features for a
particular classi cation problem. FASTENER outperforms the POSS [24] and FS-SDS [25]
algorithms in Earth observation data sets with an averageAUF of 0:71, compared to0:66
and 0:62 for POSS and FS-SDS, respectively. FASTENER also produces surprisingly good
results in the benchmark datasets for feature selection [26], where its averagdJF score
is better than the FS-SDS AUF score in almost all, except one out of 25 datasets. On
average, the dierence betweenAUF scores between FS-SDS and FASTENER ir:08,
where FASTENER needed more than2:5-times less model evaluations. Compared to DT-
forward algorithm [27], FASTENER vyields better results in nine out of 25 benchmark
datasets. It is worth mentioning that FASTENER requires on average?2 to 5 times fewer
model evaluations than DT-forward, while achieving comparable or better results.

Finally, FASTENER demonstrates superior classi cation accuracy when compared with
similarity and information theory-based techniques typically applied in Earth observation
scenarios. FASTENER was also tested on open feature selection datasets and compared
with state-of-the-art methods. It achieves comparable results, however, with fewer model
evaluations. FASTENER can be used in any supervised machine learning scenario.



53



54



55



56



57



58



59



60



61



62



63



64



65



66



67



68



69



70



71



72



73



74



75



76



77



78



79






81

Chapter 5

Big Data Framework Based on
Lambda Architecture

Architecture is not about space, nor
about containment. It's about
relationships, about connections,
about extending our experience into
new territories.

Juhani Pallasmaa

This chapter describes an enhancement as well as an evaluation of the lambda architec-
ture (see Figure 1.1) in the water management scenario. The rst section focuses on the
implementation of the architecture, whereas the second section focuses on the evaluation.

5.1 Framework

In this section, we introduce the paper entitted Computer Architectures for In-
cremental Learning in Water Management authored by Klemen Kenda, Nikos
Mellios, Matej Senao®etnik, and Petra Pergar. This paper has been published in
the Sustainability (IF 2022: 3.9) [1]. Klemen Kenda contributed signi cantly
to conceptualization and methodology development presented in this paper. He
contributed to software development, design and implementation of evaluation.
He led the writing of the paper and also contributed to visualizations.

The paper presents an implementation of the platform based on the lambda architecture
and modules described in this publication. The platform is coined the Water Management
Analytical Platform (WMAP) and serves the data and modeling needs in the water sector.
Implementation is steered towards solving real-world issues such as ingestion and wrangling
of heterogeneous live data streams, forming model results on the live data and building
custom solutions on top of standard predictive/anomaly detection services. The suggested
framework builds upon established big data (lambda) architectures and o ers an e ective
approach to address data-driven modeling within the water management sector. The pri-
mary enhancement lies in the speed pillar (online analytics) of the architecture. Here, we
introduce heterogeneous data fusion across a range of data streams to deliver real-time
data-driven modeling and prediction services more e ciently.

The architecture described above has been widely used in the H2020 NAIADES project.
Figure 5.1 illustrates the implementation of this architecture. The NAIADES project con-
sisted of three pilot sites, each addressing slightly di erent issues related to ower beds
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watering, saline water intrusion in water distribution networks, water consumption, and
water leakage. In this implementation, data enters the system through FI-WARE adapters

in the Data Layer on the left side of the gure. Data, as well as various analytics results,
such as feature vectors and predictions, are then exchanged between components using
a pub/sub mechanism (via Kafka topics). The architecture includes two layers to cater
to di erent analytics needs, namely basic and advanced analytics. The basic analytics
layer comprises general-purpose components like data fusion and enrichment (described in
Chapter 3), forecasting, and anomaly detection. On the other hand, the advanced ana-
lytics layer requires more domain-speci c knowledge, and its components are tailored to
speci c use cases. An instance of this is the detection of leaks at the advanced analytics
level, which is activated by services for anomaly detection provided by the basic analyt-
ics. The identi cation of the specic location of leaks is carried out through a leakage
group nder that combines the results of physical models produced with EPANET with
the capabilities of machine learning. Ultimately, the use of genetic algorithms facilitates
the strategic placement of sonic sensors for precise leak detection. In addition to these an-
alytics components, the WMAP implementation also includes other software components
necessary for maintaining and troubleshooting the machine learning pipelines. Finally, all
analytics results are sent back to the data layer and inserted into the NAIADES platform
via FI-WARE adapters, where they are made available to the user.

Figure 5.1: Implementation of the WMAP architecture in the H2020 NAIADES project.
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