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Abstract 
 

In the past decade, a prompt increase in the number of smart-home devices and researches conducted 

in the field of data analytics have emerged, leading to new opportunities and challenges. One such 

challenge is to generate event log data of human activities within a smart-home environment for a data-

enabled design research. Data-enabled design is a design approach within Philips Design, where data is 

collected in the early stages of the design process and later used as creative material to improve the 

design. Researchers at Philips Design, use the approach to test design propositions that aim to 

understand consumer behavior by creating smart-home environments for tracking user activity, in order 

to make personalized products. The goal of this master project is to provide data-enabled design 

researchers with insights of participants’ behavior within a smart-home environment by transforming 

collected sensor data from different sensor devices into event logs, which can be applied for process 

discovery and conformance analysis. 

In order to achieve the goal, this thesis proposes an approach to use data obtained from participants’ 

interaction with installed sensor devices within a smart-home environment for better understanding of 

human behavior in a data-enabled design research. The approach is described by focusing on two main 

research objectives, namely generation of event logs and analysis of the obtained logs with process 

discovery and conformance analysis. The research objectives are achieved through the phases of 

Identifying Event Labels, Label Refinement and Process Mining. In Identifying Event Labels step, 

collected data is checked for quality issues. Then, data cleaning techniques are performed to resolve the 

detected issues and shape the data in a format applicable for analysis. From the “cleaned” data, event 

labels from sensors are identified with statistical approaches. Once event labels are obtained, activity 

labels are refined with Label Refinement technique and further events are grouped within a day time 

component into traces. Process discovery on the event logs is applied as a validation step of the 

obtained event logs and to discover process models describing human activity behavior within the 

smart-home environment. Finally, Conformance Analysis is performed to compare generated activity 

behavior of participants’ within the smart-home environment in the form of process models, with the 

obtained event logs.  

This Master thesis provides methods for transforming collected data from different sensor devices into 

event logs to perform process discovery and conformance analysis. Through process mining analysis, 

researchers can gain various insights about participants’ activity behavior and use the insights as 

learning for future studies.   
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1. Introduction  
 

This master thesis is a graduation project for the Business Information Systems master program at 

Eindhoven University of Technology (TU/e). The graduation project has been carried out within Philips 

Design and the Mathematics and Computer Science department of TU/e.  

The sections below in the chapter, will introduce the thesis context and problems for motivating the 

writing of the thesis. Further, the research goal of the project and the overall research method to solve 

the problem will be presented.  

 

1.1. Thesis Context 
In recent years, an enormous increase in the number of sensor devices appeared on the market. That 

led to new challenges for researchers in the process of data analytics [1]. One of the challenges is to 

create and analyze event logs of human activities coming from different sensor devices. The 

development of sensor devices and computer algorithms, made it possible to track the daily behavior of 

individuals. Couple of technologies exist already on the market that allow to generate and store logs 

produced by people (e.g. smart watches). One of the goals of these devices is to generate continuous 

time-series type of sensor data (e.g. heart rate, steps). After the collection of such data log, researchers 

can produce informative and digitized representation of daily human activities [2].   

Researchers within the Field Labs research team at Philips Design are interested in analyzing human 

behavior within a smart-home ecosystem, in order to identify causes influencing the sleep process of 

healthy household participants in the Netherlands. One approach for analysis is to collect data within 

the ecosystem in the form of event logs. Collecting, merging and analyzing life-log data within the smart-

home context is considered as one of the most principal research directions in the content of life-

logging. Some smart home projects like PlaceLab [3], Aware Home [4] and CASAS [5], present ways of 

setting up an intelligent environment for monitoring and recording human activities throughout the day 

and night. The application of such environments can be used in many research fields. However, most of 

these fields do not aim to improve users’ experience and behavior with products. To move towards 

personalization and gain insights of users’ experiences and behavior, researchers at Philips Design use 

the data-enabled design approach. The approach proposed by [6], is a new design approach where 

users’ data is collected within an ecosystem and analyzed by researchers to gain insights in the early 

phases of the design process. In comparison to the data-driven, data-informed and data-aware design, 

the data-enabled design uses data as a creative material for design. Furthermore, the data-enabled 

design approach is more flexible and dynamic, which allows the way data is collected to be changed at 

any time. The high flexibility allowed with the approach is needed for transforming obtained data into 

event logs and to further gain correct and complete understanding of user behavior. 

The extended working times and workload of individuals led to increase in the number of incidents in 

some industries such as the transportation and truck industry. Between 60%-70% of the accidents are 

fatigue-related [7]. Number of studies have been conducted so far to analyze the reasons of sleep 

disorders in people, but none of the researches were conducted within a smart-home ecosystem with 
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different types of sensor devices. Researchers within the Field Labs research, want to perform data-

enabled approach with different sensor devices in Dutch households to analyze the sleep process of 

participants. 

Within the data-enabled design approach, both quantitative and qualitative data is collected. Most of 

the times, insights from the data cannot be retrieved straightforward and often stay hidden. One can 

gain insights of daily human behavior by performing machine learning on obtained sensor data. 

However, traditional machine learning methods lack of visual assessment when it comes to presentation 

of real life end-to-end process models. Researchers within the Field Labs want results to be visually 

represented for analysis. To do so, representational power can be obtained with the help of process 

mining in the form of Petri nets. By transforming collected data into event logs and apply it for process 

discovery, researchers can study the activity behavior of individuals and later suggest what daily 

routines or pre-sleep hygiene participants should follow before their bed times. The goal of this master 

thesis is to create event logs from different types of smart-home sensors and analyze the daily behavior 

of participants interacting with the devices within the environment conducted by Philips Design with 

process discovery and conformance analysis. 

 

1.2. Problem Statement  
Process mining is seen as the missing link between data science and process science [8]. Within the 

domain, process mining begins with event data and uses process models to discover new insights in 

various areas. Applying process mining on event data is impossible, if the collected data is not stored in 

event logs [8]. Event logs are used to group and store events in sequential order that refer to a process 

instance [8]. Furthermore, once data is stored in event logs, one can perform one of the three types of 

process mining, namely process discovery, conformance checking and process enhancement.  

Event logs obtained from business process management systems (BPMS) are relatively convenient to be 

applied for process mining. Mining event logs obtained from such systems produces reliable and 

meaningful process models, which can be further analyzed by business specialists. A reason behind the 

“less” complicated mining from these event logs is the traditional labeling and data structuring that 

organizations use to differentiate business process activities. Within the event logs obtained from BPMS, 

all the events are related to process instances (i.e. case identifiers), describing the order of execution of 

the process. Except, being grouped within process instances, events are ordered based on a timestamp 

attribute of occurrence. Furthermore, each event in the log is labeled with an activity describing the 

event. Finally, event logs from BPMS, contain information about the resource who performed the 

activity. Another aspect to point out is that business organizations store large collection of data in BPMS 

that can be easy to analyze and describe with process models.  

On the other hand, logs obtained from sensor devices cannot be applied directly for process discovery. A 

major problem from the collection of sensor data, in comparison to BPMS is the different data structure 

of storing information. Life-logs do not contain complementary contextual information (e.g. case id, 

start-time, end-time, activity, resource), which is necessary for producing a reliable and meaningful 

process model. Instead, data sets contain information about the sensor device from which the recording 

is captured and tracking information of the resource. Furthermore, data collected from sensor devices is 
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stored in continuous time series throughout the day and night, where start and end times of events are 

in general not known.  

The diverse information stored from each sensor leads to challenges of obtaining event logs capturing 

human activity behavior. A popular approach for activity recognition is to apply supervised machine 

learning with Dynamic Bayesian networks (DBNs), Hidden Markov model (HMM) or Conditional Random 

Field (CRF). However, to perform supervised machine learning, activities have to be known and labeled 

by researchers. Within the data set activity labels of events collected from sensors are in general not 

known. Labeling has to be performed by either researchers or participants. However, human behavior 

throughout the day is not structured and residents rarely remember performed activities within a 24-

hours interval. This makes activity labeling quite difficult and time consuming process. On the other 

hand, one can use additional information stored from the sensor devices to identify human activities. 

The task of identifying events captured from human behavior and assigning proper activity labels to 

them is considered as relatively complex because it mainly relies on the additional information that is 

collected for the device. However, by applying unsupervised machine learning on duration and start 

time features from sensor devices, one can identify human activities throughout the day and apply 

proper activity naming to them.  

In addition, data collected with the data-enabled design approach is quite limited in size and has a lot of 

unknowns regarding the activities of participants. Within the research by Field Labs, only four main 

types of data collection sensors are used. This leads to challenges in obtaining process models that are 

descriptive and correctly capturing human behavior. Furthermore, the limitations of the data set 

influence the structure of the discovered process models. Often, events captured from sensor devices, 

do not happen in the same order, time of the day or happening at all. This leads to the discovery of 

unstructured process models by the process discovery algorithms (‘flower-like’ models). ‘Flower-like’ 

models allow all traces to be replayed in the obtained log, but also allow behavior that is not observed 

(i.e. under-fitting the underlying event log). As a result, imprecise models are obtained that do not 

provide any meaning or insight about the human behavior within the smart-home ecosystem.  

The challenges described in Section 1.2, led to the creation of the following problem statement: 

  

Problem statement: How to generate an event log from different sensor smart-home devices to do 

process discovery and conformance checking within data-enabled design research?  

 

1.3. Research Question 
As seen in Section 1.1, data obtained in the form of logs can provide new insights of human activity 

behavior within a smart-home environment. However, obtaining event logs from different smart-home 

sensor devices is quite a challenging process, as described in Section 1.2. Despite the drawbacks, 

building a method from which collected data from participants can be used for analysis by researchers is 

important. The primary objective of this Masters’ thesis is to transform collected event data from 

different smart-home sensor devices into event logs, which can be later applied for process discovery 

and conformance checking. From the thesis context and problem statement, two initial research 

questions have been formulated: 
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1. How to obtain event logs from sensor data within a data-enabled design research?  

Collected data from human-interaction with sensor devices within a smart-home environment 

should be analyzed first to obtain an insight of how data is being logged. In most cases, data from 

smart-home devices are stored in continuous time series and have important missing features of 

event logs. Hence, the focus with this research question is to transform collected data into event 

logs that can be used in the data-enabled design research.  

2. How to analyze the obtained event logs with process discovery and conformance checking to 

gain insights into human activity behavior within a smart-home environment?  

Once the event logs are obtained, a particular method for analysis of human behavior should be 

created. A possible way of analysis of human activity behavior is through the available and widely 

used process mining techniques, mainly process discovery and conformance checking. The aim with 

this research question is to provide a new look on the topic of analysis of human activity behavior 

within the life-logging domain.  

 

1.4. Approach 
The main objective of the master project at Philips Design is to understand human-activity behavior of 

participants within a smart-home environment and define causes that influence their quality of sleep 

throughout the night. From the beginning, life-log of participants from different sensor devices involved 

in the research was provided. The first task within the research was to analyze the data for better 

understanding and observe how collected data can be transform in the form of meaningful event logs. 

To do so, couple of personal experiments with the sensor devices within the project were performed. 

The experiments provided some valuable insights and intuitions towards user interaction with the 

devices and the ways data is logged. Second step was to go through previously conducted interviews 

with participants for better understanding of their activities, habits and routines. The two steps are 

important because provide a wider picture of the smart-home environments within the data-enabled 

design research.  

This thesis proposes a methodology for generating and analyzing event logs from sensor data for 

analysis of human behavior within a smart-home environment in data-enabled design research. The 

approach is described by answering two main research questions: how to obtain event logs from smart-

home devices and how to analyze the obtained logs with some of the widely used process discovery and 

conformance checking techniques. The questions are answered within three steps, which are briefly 

described below: 

Identifying Event Labels: In this step, sensor data is extracted from the data source and shaped in the 

format required for analysis. To do so, close data inspection is performed for detection of missing values 

and outliers in the data. Once discovered, data quality issues are resolved with some of the widely used 

data cleaning techniques. After data is in ready-to-use state, event labels for each of the sensor devices 

are obtained.  

In most cases, life-logged data have limited information and missing attributes necessary for obtaining 

event logs. Recorded data in most cases is in continuous time-series, which do not indicate any activity 

behavior. Hence, from the collected data, moments when an interaction between participant and sensor 
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device occurred have to be identified. Events labels form sensor data are identified by cutting the data 

into segments on time intervals. Once the event data points describing activity behavior are identified, 

meaningful and insightful event logs can be generated.  

Label refinement: In this step, the problem of obtaining ‘flower-like’ models from sensor devices is 

tackled. Obtained event logs from sensor data have sensor event labels happening at different times of 

the day. Due to the same event labeling, often human activity behavior throughout the day stays hidden 

from the discovered process model. Hence, an event label refinement framework based on clustering 

with mixture modeling on start and duration times of event features is applied. With the proposed 

unsupervised clustering approach new activity labels are obtained that capture more precisely human 

activity behavior. After the activity labels for every sensor device are obtained, missing case identifiers 

of the life-log are also added. 

Process mining for discovery and analysis of human activity behavior within the Field Labs research: 

After event logs are obtained, process mining techniques can be applied for verification and observation 

of participants’ activity behavior. Event logs are initially applied to the Inductive visual miner process 

discovery algorithm to obtain process models, which capture human behavior within the smart-home 

environment. The comparison between event logs and process models is performed with token replay 

and comparing footprints conformance techniques. With the analysis, frequency of causal relations 

between activities in the log and the process model are discovered.  

Each of the performed steps is described in detail in the following Chapters of the Master thesis.  

 

1.5. Structure of Thesis 
Detailed explanation about the existing literature in obtaining event logs from sensor data and occurring 

problems by performing process mining on sensor event data can be found in Chapter 2. Chapter 3 

introduces the case of the Field Labs research in Philips Design and the type of sensor event data 

collected within the research. In Chapter 4, applied pre-processing techniques for shaping the format of 

the data is introduced. Once quality issues are removed from the data, further in the chapter a statistical 

approach for obtaining event labels from continuous time-series sensor event records is performed. The 

label refinement framework applied on duration and start-time attributes of sensor events for obtaining 

activity labels that capture activities performed by participants during the day is described in Chapter 5. 

Except, activity labels in Chapter 5, case identifiers of the event logs are also obtained. Chapter 6 

presents the process mining techniques for analysis of event logs within a smart-home environment. In 

Chapter 7, the proposed method for generating event logs and analysis with process mining in another 

case study is described. Finally, Chapter 8 captures the conclusions of the thesis and provides an outlook 

which is to be carried out as an extension of this thesis.  
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2. Preliminaries  
 

After identifying the problem statement and research questions in Chapter 1, in Chapter 2, an 

introduction of the preliminary concepts utilized throughout the thesis will be introduced. 

In Section 2.1, an introduction of the most widely used data preprocessing techniques will be made. The 

section will also describe the possible ways of identifying outliers in the data and ways of handling 

anomalies and other data quality issues. Section 2.2, will cover the attributes needed for obtaining event 

logs, while in Section 2.3 an introduction of the Petri nets process modeling language will be made. The 

process discovery and conformance analysis techniques used within the process mining domain will be 

covered in Section 2.4. The assessment of the process discovery technique with traditional quality 

metrics will be described in Section 2.5. Literature study for the domain of label refinement on sensor 

event labels and an explanation of the advantages of applying unsupervised machine learning method 

will be covered in Section 2.6 and Section 2.7, respectively. Finally, in Section 2.8, a description of the 

tools available for solving the previously mentioned problems will be briefly covered.  

 

2.1. Data Preprocessing  
Collected and extracted data in sets can be present in multiple forms and come from multiple sources. 

In most cases, directly extracted data from the real world or relational databases is completely raw: data 

has not been cleansed, transformed or changed at all. Therefore, such data sets may contain wrong data 

entry procedures, missing or inconsistent data [9]. Fortunately, there are couple of existing and well 

defined preprocessing techniques who overcome the previously mentioned problems for obtaining final, 

reliable and accurate data sets. Some of the most used techniques are briefly described below.  

 

2.1.1. Data Cleaning  
Data cleaning (also known as data cleansing) is a data preprocessing technique that includes operations 

that correct dirty data, filter incorrect data out of the set and reduce the unnecessary detail of data [10]. 

A high proportion of a ‘bad’ or ‘dirty’ data cannot be applied directly for data mining or process mining 

because the algorithms will identify unreliable models. Before applying any data mining or process 

mining technique over the data, data must be first cleaned or repaired. As sources of dirty data is 

considered data entry errors, data update errors and bugs in the data processing system. This leads to 

the presentation of two forms of ‘dirty’ data: missing data and wrong (noisy) data. However, the 

detection of a noisy data is not a trivial task and a wrong detection will result in damaging the correct 

data set [10].  

 Missing data 

Missing and noisy data is handled differently. The discovered missing instances of data can 

be either ignored or filled in manually with a constant. Across different studies, the main 

agreement of obtaining reliable and general results is to use elaborated strategies that use 

estimation over the data. Identifying patterns of ‘missingness’ can help data analyst to 

select ways of dealing with missing data [10]. In data exploration step, one can observe a 

pattern of missing values, called missing monotone. However, in data exploration step, if 
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variables of ordered missing data is not observed, then data is missing at arbitrary. 

According to [11], two main methods for dealing with missing data can be distinguished 

based on the pattern of ‘missingness’, namely, listwise deletion and imputation techniques. 

Listwise deletion is a generally applied method for dealing with missing data at random, 

which simply excludes empty values from the case [12]. Although the technique is quite 

simple, one can end up excluding a large fraction of the original sample [11]. On contrary, 

imputation methods substitute the missing value with a reasonable guess. Mainly, two 

imputation technique are defined – marginal mean imputation and conditional mean 

imputation. The former one is used to define the mean of the non-missing values and 

impute the defined mean in the missing values. While the later one, is a bit more 

complicated and relies on the estimation of regression model with multiple independent 

variables. However, major drawback with the imputation techniques is the underestimation 

of standard errors, leading to overestimation of test statistics [11]. In other words, the data 

might not contain any errors. In the case of the data collected within the Field Labs 

research, listwise deletion method for handling missing data will be applied because most of 

the empty values were following random order. An implementation of the technique can be 

seen in Chapter 3. 

 Noisy data (outliers) 

On the other hand, as noisy are considered data points that deviate from the normal 

behavior of the data distribution. The noise can be discovered with basic statistical and 

descriptive techniques like scatter plots, box plots, histograms and etc. Once identified, 

those data points can be distinguished by computing the distribution of the data and setting 

thresholds. Within the thresholds, the normal process of the data is described, while data 

points beyond the thresholds are considered as anomalies. To obtain thresholds of the 

underlying data that describes the population, two statistical methods are widely used, 

namely, Multivariate Adaptive Statistical Filtering (MASF) method and Tukey’s point 

threshold for anomaly detection (in the form of box plots) [13]. The former one can be 

applied in cases where data points follow the Gaussian (normal) distribution. Data 

distribution can be found with goodness-of-fit techniques. Once the distribution of data 

points is assumed to follow Gaussian behavior, one can select cut-offs from the standard 

deviation from the mean for identifying outliers. In the literature, authors of [14] 

recommend to use 2 Standard deviations from the mean (95%) for small sample of data and 

value of 4 standard deviations (99.9%) for larger samples. Alternative approach similar to 

the MASF method is Tukey’s method for anomaly detection. The method can be applied to 

sample of data which cannot be drawn from the Gaussian distribution. Tukey’s method is 

simple but quite effective for identifying noise in the data. The method is used to break data 

into four quarters, boarders of which, are defined by Q1, Q2 and Q3. The difference 

between |Q3 − Q1| builds the range of the inter-quartiles, while the upper and lower 

thresholds are set by Q1 − 3|Q3 − Q1| and Q3 + 3|Q3 − Q1|. Anything beyond these limits 

is considered as anomaly. From Turkey’s method, one can easily set flexible threshold limits 

on the upper and lower side with the function Q3 + 𝑘|Q3 − Q1| and Q1 − 𝑘|Q3 − Q1|, 

where k is an appropriately chosen scalar. The common value suggested by researchers for 

the factor k is 1.5, however one can use higher values for identifying extreme outliers [13]. 
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MASF method and Tukey’s point threshold for anomaly detection (in the form of box plots), 

will be used for detecting outliers in the data from the Field Labs research. 

 

2.1.2. Data Transformation 
Data transformation is a preprocessing step, where data is converted or consolidated so that the mining 

techniques could be applied or more efficient results could be obtained. The technique includes 

subtasks for dealing with data such as: smoothing, feature construction, aggregation, summarization, 

normalization, discretization and generalization. Most of the subtasks require human supervision and 

are dependent on the data set. Examples of applied data transformation techniques are in report 

generation, where new attributes aggregate existing and replacing complete dates with year numbers 

only. It is good to mention that smoothing is similar to noise identification in the data cleaning 

technique [9]. In the Business Intelligence and data mining fields, the step of transforming is used to fit 

operational needs to a certain system. In [8], the author refers the method of transforming data into 

event log as scoping within the process mining domain. In the case of the Field Labs research, scoping is 

applied to convert data tables into a format ‘digestable’ by the process mining tools.  

 

2.2. Event Logs   
As previously mentioned in Chapter 1, sensor data generated from smart-home environment does not 

come in the form of event logs, hence the obtained data cannot be directly applied to the process 

discovery algorithms and no meaningful models can be discovered. Hence, data need to be transformed 

in the form of event logs. This section aims to illustrate the typical information that needs to be present 

in an event log for process mining.  

According to [8], event logs should contain information related to a single process. Furthermore, events 

in the log should refer to a single case. Except cases, events can be related to some activity. By saying so, 

the bare minimum of performing process mining, is logs to have a “case id” and “activity” columns. 

Furthermore, events may contain additional information. It is a good practice, all events to have a 

timestamp. With the time attribute, one can order cases in an ascending order and analyze 

performances related with waiting times [8]. Another important attribute of the event logs is to have 

proper activity naming [8]. By having a proper name, event can be related with certain activities. 

Furthermore, event logs may have attributes such as cost, resource and etcetera [8]. By specifying the 

requirements of event log and adapted from [8], the following notions are obtained.  

 Event, attribute 

Event is a set of all possible event identifiers. Event might be characterized by various 

attributes such as: timestamp in ascending order, activity to which corresponds, resource 

executing the activity, associated costs, transaction type related with the life-cycle of event 

and etcetera. However, none of these attributes are mandatory.  

 Classifier 

Process mining can be used to discover process models automatically. Within process 

models, activities correspond to transitions in Petri nets, tasks in YAWL, tasks in BPMN and 

etcetera. In most cases, multiple events may correspond to the same activity. To solve the 
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problem of identifying different activities, classifiers are used. A classifier is a function that 

maps the attributes of an event log onto a label used in a discovered process model [8]. The 

task can be seen as “naming” of the event.  

 Case, trace, event log  

An event log consists of cases and cases consist of a sequence of unique events called 

traces. Therefore, a trace is a finite sequence of events, such that each event appears only 

once [8]. Furthermore, an event log is a set of cases, such that each event appears once in 

the entire log.  

As stated in Section 1.2, logs from BPMS and smart-home environments are stored differently. To 

demonstrate the difference between logs from BPMS and the Field Labs research, a visual presentation 

of the ways data is stored in both cases is presented in Table 1 and Figure 2.1. Table 1 shows an example 

of an event log from a business process management system for handling compensation requests. It is 

good to mention, that the figure demonstrates the typical type of information stored in event logs for 

process mining. In the figure, all the data is related to a single process. Moreover, events in the event log 

correspond to a single process instance ‘Case ID’. Furthermore, one can see that each event is related to 

a ‘fine-grained’ activity, performed by a resource. Based on information from the figure and according to 

[8], the bare minimum for process mining is event logs to contain “case id” and “activity” label columns.  

 

Table 1: Business Process Management System Event Log [15] 

 

On the contrary, in most cases collected data from sensor devices lacks any contextual information 

about performed activity. Figure 2.1 shows the different types of collected information from each sensor 

within the Field Labs research. From Figure 2.1, one can see that sensor events are recorded in an 

ordered way based on time occurrence of the day. Moreover, the collected sensor data provides 

information about the sensor captured the event. However, events collected from the smart-home 
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devices do not give any additional information about the performed activity. Furthermore, events in the 

life-log are missing single process instances (cases). The two attributes, as defined in the previous 

paragraph, are considered as basic requirements for performing process mining [8]. Based on the stored 

unique information, one have to determine the way in which events can refer to cases in the log. A 

regular practice is to group events based on day-part of the timestamp. However, one can also identify 

traces based on address information, room location and etc. Without obtaining order of the event 

information no causal dependencies in the process models can be discovered.  

 

 

Figure 2.1: From top to bottom, information recorded about the bedroom environment, sleep patterns 
and sleep stages of participants, and usage of connected devices in Watts by the Somneo, Withings, 

Fitbit and mFi sensor devices, respectively within the Field Labs research 
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Except, identifying the process instances of events, activity labels of events have to be obtained as well 

to cover the bare minimum for performing process mining. The problem of obtaining activity labels from 

sensor event level, can be tackled by using event label refinement on additional contextual information. 

For example, the Fitbit device stores information about time records, active minutes and heart rate of 

participant. Based on these features one can make an assumption of participant performing activities 

such as ‘walking’ or ‘running’ at different times of the day.  

A detailed explanation on the creation of event logs and implementation of the method on obtaining 

event logs can be find in Chapter 4.  

 

2.3. Petri Nets 
Petri nets are the oldest process modeling language allowing the modeling of concurrency [8]. The 
graphical notation of the Petri nets is simple and intuitive, and can be used in many analysis techniques 
[8]. To give an intuition towards how process models work, in this section a brief introduction to the 
Petri nets concept will be presented.  

The Petri net modeling language is widely used to present ‘real-life workflows’ within companies and is 
one of the primary process modeling semantics used within ProM 6.X [16]. To illustrate the general 
semantics of the Petri net, adopted from [17], the following description can be given: A Petri net over a 
given alphabet 𝛴  is a tuple (P, T, A, 𝑀0, F, l) consisting of: a set of places P; a set of transitions T , such 
that 𝑃 ∩ 𝑇 = ∅; a multiset arc relation 𝐴 ⊆ 𝑀((𝑃 𝑥 𝑇) ∪ (𝑇 𝑥 𝑃)); an initial marking 𝑚0 ⊆ 𝑀(𝑃); a set of final 
marking F and a partial labelling function l:  𝑇 → 𝛴. 

The graphical representation of a Petri net can be seen in Figure 2.2. From the figure and the given 

description, places are presented by circles, transitions are modeled by rectangles and arcs are denoted 

by arcs between places and transitions [17]. The initial marking construction is indicated by a black dot, 

while the final marking is denoted with a doubly bordered circle [17].  

 

 

Figure 2.2: An example of a sound Petri net [17] 

 

Except the previously mentioned general concepts, Petri nets consist of pre- and post- sets, which 

illustrate all places or transitions to which a place or transition has an ingoing or outgoing arcs to, 

respectively. Pre- and post- sets can be extended to multisets that represent a marking of a place, 

consisting multiple tokens [17]. A marking place m can enable a transition t, if all places from which the 

transition has incoming arcs have at least one token. Enabled transition t in the Petri net can fire, and 

remove the tokens from marking m and produce tokens in a new marking 𝑚′. For example, as seen in 

Figure 2.2, the initial marking m0, contains a token that enables transition a. Once the transition is 
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enabled, transition a can fire by consuming the tokens from the initial marking m0 and producing two 

new tokens to the places where the transition has outgoing arcs to. After the execution of transition a, 

the marking changes to 𝑚′. The sequence of transition firings, ends once the final marking F is reached.  

Once a transition t is fired, that automatically triggers the execution of labeled activity l related with the 

transition. In cases where l is not map to a t, then t is called silent, because it does not denote the 

execution of activity [17]. Silent transitions are useful modeling semantics for the cases where one want 

to express that particular transition is not observables [8]. 

A drawback of the Petri nets is that the process modeling language could be defined without final 

markings [17]. For example, a Petri net of this type would contain every labelled firing sequence in the 

initial marking m0 [17]. Such Petri nets cannot be applied in cases where events are grouped into traces. 

Within the Field Labs research, it is of importance to capture in the model the ending moments of the 

day for every family, hence while building the event logs, events have to be grouped into traces. 

Therefore, a proper switch to the workflow nets subclass of the Petri nets is needed.  

Workflow nets are used by many process discovery algorithms, due to their representation of the final 

marking by a single place [17]. The subclass language has similar semantics to the Petri nets, but it is 

more sensitive to behavior anomalies. Mainly three types of property issues can be distinguished: the 

final marking cannot be reached, tokens remain in the net after a token reached the final marking or 

transitions cannot be enabled. Workflow nets, free of the following issues are considered to be sound. 

Soundness is considered as one of the criteria for correctness of a process model. Within the Field Labs 

research, soundness criteria is of importance for the verification of the discovered process models.  

 

2.4. Process Mining  
In the past more than 10 years, a new research field called process mining occur, which mainly focuses 

on the discovery and analysis of process models by using event log data. The process mining technique 

provides a more complete analysis methodologies for discovery, presentation and diagnosis of business 

process models compared to the traditional data mining techniques such as regression, classification or 

association rule learning. The main task of process mining is to build end-to-end real life processes with 

the help of various process discovery algorithms and conformance checking methods [8]. A major 

advantage of the process mining compared to the traditional data mining techniques is that results can 

be visually presented with models and have formal semantics. Within the process mining field, three 

major techniques are commonly used:  

 Process discovery  

Process discovery is a process mining technique that allows for automatically discovery of 

process models by using event log as an input. The technique is considered as one of the 

most challenging process mining techniques. According to [8], process discovery is the 

combination between discovery task and control-flow perspective. By saying so, a process 

discovery algorithm is the function of obtaining process models from event log that 

represent behavior seen in the event log. The discovered output from process discovery 

algorithms can be in the form of Petri nets, BPMN, EPC or UML activity diagrams [8]. The 

widely used output format by process miners is in the form of Petri nets. Petri nets are 

simple, graphical representations of the log that include important modeling semantics, 
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mainly concurrency, choices and iteration [8]. One of the main tasks of process discovery is 

to find ways of execution of the activities within a process. To do so, a number of discovery 

algorithms were developed, which goal is to find descriptive and meaningful models with 

less under-fitting (i.e. too much possible behavior allowed) or over-fitting (i.e. too less 

possible behavior allowed) the event logs.  

 

 Conformance checking  

Another type of process mining technique is conformance checking. The technique is used 

to evaluate the quality of the mined models from the event log [8]. The result of 

conformance checking is in the form of diagnostic information showing the discrepancies 

and commonalities between models and logs. The technique is very useful and helpful in the 

detection of deviations between actual execution of activities and theoretically established 

processes within organizations. To give a subjective judgement with respect to the 

comparison between event log and obtained process model, couple of conformance 

techniques can be applied. One way to judge the quality of the model is by performing token 

replay conformance [8]. The technique is used by replaying each trace of the event log into 

the model and produce as output estimated result for the fitness dimensional criteria. 

Fitness measures what proportion of the traces in the log can be replayed on the model [8]. 

A simple approach towards conformance checking with token replay is to count the number 

of cases that has successfully passed in the model from [start] to [end]. For example, if we 

have a discovered process model N1 from a log L1 and log L1 have 100 cases, from which 48 

cases can be replayed correctly, one can compute fitness by simply dividing the number of 

correct cases with the total number of cases in the log (i.e. 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =  
48

100
= 0.48). In that 

case 52 cases of the log do not correspond to a firing sequence. With token replay technique 

one can observe the fitting and non-fitting cases between log and model, and try to improve 

the quality of the model [8].  

 

However, the token replay method takes into account only cases that fit in the model. 

Traces, which do not correspond to a path in the model, are simply not considered. 

Collected life-log data rarely comes in a strictly ordered way. Furthermore, in most times 

events happen at different parts of the day, which makes obtaining similar traces almost 

impossible. To deal with the problem, a way to compare log-to-model is to define a matrix 

showing causal dependencies [8]. The matrix can be derived from a “directly follows” 

dependency matrix that generates a complete event log. Based on the footprint matrix, an 

event log is considered complete, if all activities follow one another at least once in the log 

[8]. By applying conformance with footprint, one can identify causal relations between 

activities in log and model. Furthermore, footprints between two process models and two 

event logs can be applied. For the later comparison, concept drift can be detected. Concept 

drift can be seen in situations where a process is changing while being analyzed [8]. For 

example, a log might have two starting activities in parallel, whereas in a later log the two 

activities occur in a sequential order. Concept drift can be analyzed by splitting the log in 

smaller logs and footprints of the logs later analyzed. Researchers within the Field Labs 

research are interested in seeing the concept drift between event logs for different periods 

of the year. 
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2.5. Quality Metrics  
The quality of discovered process models can be assessed by balancing between four quality 

dimensions: fitness, precision, generalization and simplicity. 

 Fitness 

The fitness dimension ensures that behavior from the cases of the event log can be captured 

in the discovered process model. As perfect, is considered the process model that can replay 

all the traces in the event log from start to end [8]. Fitness can be defined at different levels 

of the event log. Mainly, fitness is defined at case and event levels. On case level, fitness is 

defined by the traction of traces in the event log that can be replayed on the discovered 

process model, while on event level, fitness is defined by the fraction of events in the log 

that are possible according to the model [8]. Furthermore, one can set penalty costs on 

moves allowed only in model and moves allowed only in log to further obtain the optimal 

behavior describing log and model. 

 

 Simplicity 

Simplicity dimension, as the name suggests, states that the best model is the one that 

captures the underlying behavior from the event log in the simplest way. The complexity of 

the model can be described by the number of obtained nodes and arcs. Furthermore, one 

can use metrics that take the “structuredness” or “entropy” of the model into account [8]. 

 Precision and Generalization 

Only fitness and simplicity are not enough to obtain an insightful process model. Process 

models with high fitness and simplicity can be described by the so-called “flower models”. 

Flower like Petri nets, allow for any order of activities to happen in between start and end 

moments [8]. In such models, all the traces from the log can be replayed, but no knowledge 

of the real-life process can be obtained. To deal with the flower-like model discovery, two 

additional parameters are considered, namely precision and generalization [8]. It is good to 

mention that both fitness and simplicity depend on the performance of the process 

discovery algorithms. On the other hand, precision and generalization dimensions are 

affected by improvements in the event log. The precision dimension do not allow behavior 

in the discovered models that could not be observed in the event log, i.e. overcomes the 

problem of under-fitting, while generalization, does not allow all the traces to be modeled 

separately, i.e. overcomes the problem of over-fitting. Thus, process mining algorithms 

should aim for defining a balance between “overfitting” and “underfitting” the log. The main 

goal from the process discovery applied on the event logs obtained from sensor data is to 

find meaningful and insightful process models that can be helpful for researchers at Philips 

Design. Hence, we strive for higher precision and generalization of the discovered models.  

 

2.6. Label Refinement  
The problem of label refinement of life logs obtained from a smart home environment within the 

process mining discipline gain attention in the past few years. Different researchers have already 

worked in that area and have provided various solutions to the refinement problem.  
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Authors of [18] suggest to apply clustering techniques on event traces. The method groups similar traces 

into groups and divides the complete event log into smaller sub-logs. According to the authors, the 

method handles the discovery of complex and inaccurate process models. A drawback of the technique 

is that clustering is applied on the trace level and cannot distinguish different activities with same labels. 

The method is useful ones the activity labels from the event logs are obtained.    

In different studies by [19], is proposed the usage of data-aware process discovery techniques that allow 

to add data-perspective analysis to the process model discovery. The idea of the authors is to add 

transition guards to the discovered process models. The guards represent decision points, where the 

choice of a particular trace in the process model is based on the values of the variables. The data-flow 

perspective restricts the behavior that could not be observed from the event log and increases the 

precision of the model. A drawback of the method is that works only on already discovered models. 

Hence, the technique does not solve the problem with the discovery of ‘flower-like’ models.  

In [20], the author suggests a general framework way for pre-processing the original event log for 

handling duplicate activities. In their methodology, first, imprecise event labels are discovered based on 

domain expert knowledge and an automated approach with the help of the Inductive Miner in ProM 6. 

Then in two steps, the identified imprecise labels are refined horizontally (i.e. labels are refined into 

different variants across the traces) and vertically (i.e. labels are refined into various activities within a 

trace). The method is not feasible on event logs built from sensor data because it does not take any 

contextual information of the events. The approach is only useful when duplicate activities need to be 

identified.  

The problem of label refinement on events based on contextual information is covered in [21]. In the 

work, the author presents a label refinement framework that refines event labels obtained from sensor 

data based on start and duration times. In the methodology, unsupervised machine learning technique 

is used to identify the different clusters that data points belong to. The author uses clustering with von 

Mises mixture modeling based on start times and Gaussian mixture modeling on duration times of 

sensor events, where a single data point can be described by a parametrized probability density function 

from which it might be drawn. The method handles major problems in the process discovery of life-logs, 

such as the discovery of ‘flower-like’ models and also increases the precision and generalization 

dimensions of the discovered models compared to the event logs. However, the method lacks in 

capturing important feature domains such as preceding and following events for acquiring more 

accurate information with respect to human activity behavior analysis.  

In the report, the methodology presented in [21] will be applied to the event logs for obtaining different 

event labels of sensors. Furthermore, we believe that the methodology is reliable for obtaining 

meaningful process models that capture general human behavior and handle the problem for discovery 

of ‘flower-like’ models.  

 

2.7. Supervised versus Unsupervised Machine Learning  
Two types of domains exist within the field of machine learning, namely, supervised and unsupervised. 

The two types of tasks differentiate from one another based on the goals, one want to achieve. 

Supervised learning is used in the cases where there is a prior knowledge of the expected outputs 

(ground-truth). Hence, the goal is to create a function based on a sample data and desired output to 
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approximate the relationship between input and output values in the data. In the cases where data do 

not have labeled outputs, unsupervised learning is applied. The goal with the unsupervised approach is 

to find a natural structure that describes the set of data points. Furthermore, the application of non-

processed sensor event data on process mining algorithms will not allow to discover meaningful and 

insightful process models.  

 

2.7.1. Supervised Machine Learning Approach for Activity Recognition 
Within the analysis of data from smart-home domain, application of supervised learning can be achieved 

with the generation of ground-truth activity labels and later fit to the HMM or CRF algorithms. However, 

there are few drawbacks for obtaining a proper training set on which supervised learning methods to be 

performed. According to [22], activity labels can be obtained either through manual annotation based 

on information provided by agents or by coaching the agent to perform a desired sequence of activities 

[23]. Within the research by Field Labs, coaching of participants is not allowed. Furthermore, from 

practical point of view, people rarely perform the same activities during the day, not to mention 

memorizing the exact moment activity occurred. By saying so, deviating individual behavior within a 

smart-home environment can decrease drastically the prediction power of a classification model. In a 

study by [24], authors stated that activity can be performed by agents in many different ways, which 

makes obtaining a reliable predicting model quite a hard task. Finally, to obtain a high accuracy of the 

classification model, each of the sensor devices is required to constitute a solid ground-truth for future 

predictions. However, labeling of large number of sensor events is a time-consuming procedure which 

requires extra efforts. Most of the drawbacks of the supervised method, can be handled with the 

implementation of an unsupervised learning method.   

 

2.7.2. Unsupervised Machine Learning Approach for Event Labeling 
Clustering is one of the widely used unsupervised learning algorithms by researchers and scientists in 

the machine learning field. The approach allows to organize a set of observations from dataset into a 

meaningful subsets (i.e. clusters), where the main objective is to preserve the notation of cohesion and 

coupling. As cohesion we identify the relation between inter-component elements of the cluster, 

whereas with coupling we evaluate the intra-component relations between elements of distinct 

clusters. A good clustering model should have high levels of cohesion and low levels of coupling values.  

Main objective of the clustering algorithms is to learn the underlying structure of given data points and 

define the properties of the probability density function [25]. According to [21], applying clustering 

algorithms on sensor event data for the purpose of activity recognition is considered as one of the 

traditional and reliable approaches. Two main types of clustering algorithms exist based on the 

“strictness” of data points grouping – hard and soft clustering. Hard clustering algorithms, such as K-

means, group the data points into strictly defined partitions (clusters), while soft clustering algorithms 

allow data points to belong to several clusters with a certain membership degree between 0 and 1. Both 

methods have advantages in different study and research areas. K-means clustering algorithm is a 

simple and widely used for image segmentation, object recognition and etc. The algorithm tries to assign 

a cluster to each data point by minimizing the distance from the data points to the cluster by minimizing 

distance loss function. Major drawback of the clustering method is that data points can belong to only 
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one cluster, while in reality there might overlap between two clusters. On the other hand, clustering by 

mixture modeling allows to overcome the issues introduced by the K-means approach. Within the Field 

Labs research, activity labels of sensor events are unknown. In [26], the authors identified the 

importance of reasoning the uncertainty levels in the activity identification model. The uncertainty could 

be applied to the problem of pattern recognition and later on labeling the activities from the event log. 

To be able to identify different daily activities patterns, a probabilistic mixture model is used as a 

backbone. The probability mixture model clustering, adds every single data point within a population 

that it is described by a probability density function. The main advantage of the mixture modeling is that 

any type of distribution can be applied based on the underlying data point population. A widely used 

approach for probability clustering is the Gaussian Mixture Modeling (GMM). In the approach, each 

cluster is described by the parameters centroid (mean), covariance and size of the cluster (weight). It is 

good to mention, that only data following the Gaussian (normal) distribution can be fit to the algorithm. 

Adapted from [25], Gaussian mixture model is a mixture of K gaussian distribution that means it’s 

weighted average of K gaussian distributions. Hence, adapted from [25],p(x) = ∑ πkN(x|μk, Σk)k
k=1 , 

where N(x|μk, Σk) represents cluster in data with parameters mean μk and co-variance Σk and πk. 

Within the Field Labs research conducted at Philips Design, a Gaussian mixture modeling on duration 

time features and von Mises mixture modeling on start time features will be applied to the life-log 

sensor data in order to generate different activity labels for each device in the households. 

The method of evaluating how precisely the parameters of the data fits into the model is called 

goodness-of-fit (GoF). One of the most common approaches of evaluating GoF is to estimate the best 

fitting parameters of the model. The estimation can be achieved by using two main methods: least-

squares estimation (LSE) and maximum likelihood estimation (MLE). LSE is an approach applied in 

regression analysis and estimates parameters by minimizing the sum of square errors between the 

functional part of the model and the observed response. The method is useful for summarizing the 

observed data, but does not provide any basis for hypothesis testing. On the other hand, MLE is used to 

estimate the parameters from the underlying population by optimizing the parameters values to 

increase the probability of obtaining the observed data. To be able to verify how a mixture model fits 

into the data, maximum likelihood estimate (MLE) algorithm will be used. 

 

2.8. Tools Used  
Data from sensor devices is generated and stored at any time of the day and often in huge amounts. 

Often extracted data contains missing information, outliers, repetitive data and etc. After extraction, it is 

important to be able to handle and utilize the enormous data generations for visualization and analysis. 

Furthermore, cleaned data can be applied for data mining and process mining to observe new hidden 

patterns, identifying relationships and classifying the data. Different variety of data mining tools exist on 

the market that handle the problems within the extracted data. Most used commercial available 

products for data analysis and visualization are Python, R, RapidMiner, XLMiner, Weka and etc.  

Furthermore, collected event data cannot be applied to data mining and machine learning algorithms 

for process discovery and conformance checking. To be able to transform event data into actionable and 

insightful process-related models, different commercial process mining tools can be used. Examples of 

tools dedicated in the discovery and analysis of process models are ProM, Celonis Process Mining by 
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Celonis GmbH, Disco by Fluxicon, Perceptive Process Mining by Lexmark and etc. In the following 

sections, a description of the used data and process mining tools is provided. 

 

2.8.1. Python  
In the last couple of decades, Python1 has proven to be a first-class tool for scientific computing tasks, 

including the analysis and visualization of large datasets. Python is a scripting language suitable for many 

processes. The initial idea of the language was to be available to more people by introducing a simple 

syntax to read and to write, with an expressive power performance comparable to other programming 

languages. The capabilities of Python, made the scripting language useful in the field of data science. 

External third-party packages like NumPy2, Pandas3, SciPy4, IPython5, Matplotlib6, Scikit-Learn7 make 

data science in python accessible to everyone. In the section below, some of the functionalities of the 

packages are shortly mentioned.  

 NumPy  

NumPy is a fundamental package for manipulation of homogeneous array based data. The package 

is mainly used as an efficient multi-dimensional container of generic data, which seamlessly and 

speedily integrates wide variety of databases.  

 Pandas 

Pandas is an open source package for manipulating of heterogeneous and labeled data. The features 

within Pandas are suitable for data analysis and provide high-performance and easy-to-use data 

structures.   

 Matplotlib 

Matplotlib is a powerful 2D plotting library used for data visualization. With the help of Matplotlib, 

quality figures can be generated in the forms of plots, histograms, bar charts, scatterplots and etc.  

In the case of the Field Labs research study, the above mentioned packages will be used for data 

analysis.  

   

2.8.2. R 
R8 is a freely available language and environment for statistical computing, visualization and data 

analysis. The R language is influenced by S and Scheme statistical programming languages9. Other 

features of the software include effective data handling and storage, a large collection of intermediate 

tools for data analysis, graphical representation of results for data analysis and etc. Similar to Python, R 

                                                           
1 https://www.python.org/ 
2 https://www.numpy.org/ 
3 https://pandas.pydata.org/ 
4 https://www.scipy.org/ 
5 https://ipython.org/ 
6 https://matplotlib.org/ 
7 https://scikit-learn.org/stable/ 
8 https://www.r-project.org/ 
9 https://www.scheme.com/tspl4/ 

https://www.python.org/
https://www.numpy.org/
https://pandas.pydata.org/
https://www.scipy.org/
https://ipython.org/
https://matplotlib.org/
https://scikit-learn.org/stable/
https://www.r-project.org/
https://www.scheme.com/tspl4/
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has a large collection of packages that extend the functionalities of the software for data analysis. Due 

to the wide availability of packages within R, the tool will be used to apply statistical approaches of 

obtaining different clusters within the dataset. 

   

2.8.3. ProM 6.8 
Process mining is a growing sub discipline within data science and Business Process Management (BPM) 

[8]. The process mining technique differs from the traditional data mining and machine learning 

techniques because it takes as input event data and transforms it into readable and meaningful process 

models. In this aspect, other data mining and machine learning techniques lack behind because they are 

simply not process centric [8]. To gain insights from event data in the form of process models, tools like 

ProM10 are created to help process miners. ProM is an open-source process mining tool supporting 

analyses for process discovery, conformance checking, social network analysis, organizational mining, 

clustering, decision mining, prediction and recommendations [8]. ProM is available for the most widely 

used operating systems such as Windows, Mac OS X and Unix, which makes it one of the most diverse 

process mining tools on the market. The tool is scoped within the project of the Process Mining Group at 

Eindhoven University of Technology. The process mining framework has an active community of users 

and contributors that provide help and guidance to new users in case of need. Furthermore, ProM 

includes various number of plug-ins for process discovery, conformance analysis and process 

enhancement. In the section below, a short description of one of the plug-ins is provided.  

Inductive visual Miner    

‘Mine with Inductive visual miner’ is a plug-in in the latest version of ProM 6.8 (latest version of ProM at 

the time of writing the master thesis) used for visualization of discovered process models [27]. To 

guarantee that the discovered model is free of anomalies such as deadlocks and unconnected parts, the 

plug-in uses process trees as a backbone [27]. The Inductive visual Miner shows discovered models in a 

form that closely resembles Petri nets, process trees and BPMN models [28]. The framework includes 

model constructs such as source node, sink node, exclusive choice, concurrency, interleaving and 

inclusive choice. The constructs can be seen in Figure 2.3, while an example of the implementation of 

the constructs in a process model can be seen in Figure 2.4. In the discovered process model mined with 

the Inductive visual Miner in Figure 2.4, a trace starts from a source node and ends at a sink node, 

executing activities on its path. Within the execution of the discovered model concurrency can be seen 

before transitions c and d. With the occurrence of the construct, the path is ‘split’ in two branches, all 

activities in both branches are executed and then merged again at a concurrency join [27]. Another 

widely used semantic in the Inductive visual Miner model is exclusive choice. The semantic can be seen 

before transitions a and b in Figure 2.4. From the construct, the path is split into two subsequent 

branches, the path with one of the executable activities is selected and then the paths are merged in an 

exclusive join. Finally, from Figure 2.4, the interleaving choice can be seen between transitions e and f. 

The construct splits the path between the transitions, allowing only one to be “active” at the same time, 

executes the “active” transition and finishes at an interleaving join. The inclusive choice construct cannot 

be seen in Figure 2.4, but the semantics are quite similar to the interleaving choice, allowing the spilt of 

paths into one or more subsequent branches [27]. Within the Field Labs research, exclusive choice and 

                                                           
10 http://www.promtools.org/doku.php?id=prom68 

http://www.promtools.org/doku.php?id=prom68
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concurrency constructs are of great interest, in order to precisely and visually capture human activity 

behavior within the households.   

 

Figure 2.3: Inductive visual Miner semantics [27] 

 

It is good to mention, that to be able to perform analysis in ProM, event logs should be converted into 

XES (eXtensible Evetn Stream) format [8]. XES is the standard format for process mining, which provides 

a method for recording activities in event logs. The file format is supported by most process mining tools 

and consists of traces, which represents a list of sequential events.  

 

Figure 2.4: A model in Inductive visual Miner [27] 

 

Another key feature of the Inductive visual Miner toolkit is the way of visualization of discovered process 

models [27]. The plug-in allows visualization of the frequencies in the relations between activities and 

gives intuition to the user which parts of the model should be left and which removed. Furthermore, the 

Inductive visual Miner (IvM), consists of sliders, with which users can change the parameters of the 

model. Two important features are the activities slider and the path slider. With the activity slider, the 

fraction of activities to be included in the process model from the event log are selected. Basically, the 

feature uses filtering on the activities from the event log. The position of the slider is between 0 and 1. 

The closer to 1 the slider is placed, the more activities in the model are captured and vice cetra. Another 

important feature in the IvM is the paths slider. The slider feature is used to filter the amount of noise 

from the event log. If the slider is set to 1, no noise filtering will be applied, while set to 0, maximum 

noise filtering will be performed [27]. The default setting of the path slider is set to 0.8, which 

corresponds to 1 - 0.8 = 0.2 noise filtering. It is good to mention that having both sliders set to 1, will 

guarantee higher fitness dimension.    
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3. Field Labs Case Study 

  
Before explaining the technical implementation of the method for obtaining event logs from sensor data 

for analysis of human activity behavior, in Chapter 3 a description of the conducted research at Philips 

Design and types of collected data within the research will be presented. In Section 3.1, a brief 

introduction of the data-enabled design research and the Field Labs research group within Philips Design 

will be given. Further in the section, an introduction of the implemented smart-home ecosystem will be 

presented. Explanation of the different types of collected data, sources and ways of extraction will be 

covered in Section 3.2. Finally, Chapter 3 finishes with a presentation of a generic (meta-) model of the 

ecosystem in Section 3.3. 

 

3.1. Data-Enabled Design Research  
In the field of research at Philips Design, the main focus is to make the user-product experience better 

and personalized by using Data-Enabled Design approach. In that field, qualitative and quantitative data 

from users is collected and analyzed to improve the user experience on different Philips products [6]. To 

do so, research teams at Philips Design are creating smart home ecosystems, where different sensor 

devices are placed in the households of participants to collect data regarding participants’ activities. The 

Field Labs research within the Data-Enabled Design Research Team at Philips Design, are interested in 

the activity behavior of healthy Dutch family couples and the connection between their daily activities 

with their sleep quality. In this thesis, the main objective is to generate and analyze life-logs of human 

activity behavior with process discovery and conformance analysis. 

In the literature, there is a growing debate on the tradeoffs between lab and field evaluation on sleep 

researches [29]. Research conducted in labs allow different devices to be placed on and around the 

participants to monitor and analyze their behavior. Authors of [30], define research in labs on the sleep 

process of participants as an expensive, complex and time-consuming technique. Furthermore, studies 

conducted in labs often do not fully represent realistic environments. On the other hand, in numerous 

different studies, results obtained from home-based environments represent more accurate records 

[30]. In the Field Labs research at Philips Design, researchers want to obtain accurate and realistic 

results on the sleep process of healthy participants by creating a smart-home environment. In that way, 

a field-lab environment in the households of healthy Dutch participants for obtaining information of the 

quality of their sleep is created. When applying the Data-Enabled Design approach, different type of 

sensor devices were deployed in the households of involved families. Except installed sensors, 

participants were also provided with tracking wearables (i.e. Fitbit). At the beginning of the research, 

participants were informed that data from the sensor devices will be collected and analyzed. 

Furthermore, participants within the research were informed that collected data will be fully 

anonymized. Instead of real names, researchers within Field Labs used fictional names for recognition of 

participants. During the research, family members had the freedom to interact with the devices in any 

way and at any time of the day. For the purpose of the research, four main type of smart home sensor 

devices were used – Fitbit tracking sensor device 11, Withings sleep mattress sensor device12 , mFi power 

                                                           
11 https://www.fitbit.com/eu/home 
12 https://www.withings.com/uk/en/sleep 

https://www.fitbit.com/eu/home
https://www.withings.com/uk/en/sleep
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socket sensor device 13, connected to another equipment the research team wants to learn about and 

Somneo wake-up light sensor device14 (Figure 3.1). Except the installed smart-home devices, researchers 

were interacting with participants via a mobile application. With data collected from the application, 

interest profiles for every participant were created. Furthermore, events from these devices were 

logged in a database cloud server and later extracted for analysis. A detailed description of the devices 

can be found in Section 3.2.   

 

Figure 3.1: Smart-home environment within the Field Labs research 

 

At the very beginning of the project, ten families were selected and interviewed to identify which of 

them are suitable for the research. For the final selection, the participants had to fill in diaries every day 

for two weeks and take a 1.5 hour intro interview. Based on collected information from the diaries and 

interviews, only five families were selected in the research. Following up interviews with the families to 

fill in missing information about their routines, habits, nutrition, activities, behavior and etcetera were 

conducted. Some of the interviews included information about the daily activities of the participants. 

The activity behavior of the participants from the subjective data was then visualized on a poster as seen 

in Figure 3.2. Information from the posters was used as a domain knowledge comparison with the 

discovered process models from the obtained life-logs. Note that the names of participants in Figure 3.2 

are made-up by researchers within the Field Labs research for recognition of participants. Real names of 

participants are hidden for privacy reasons.  

                                                           
13 https://www.ui.com/mfi/mpower/ 
14 https://www.philips.co.uk/c-p/HF3651_01/somneo-sleep-and-wake-up-light-with-with-relaxbreath-for-sleep 

https://www.ui.com/mfi/mpower/
https://www.philips.co.uk/c-p/HF3651_01/somneo-sleep-and-wake-up-light-with-with-relaxbreath-for-sleep
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Figure 3.2: Subjective data of Family 5 captured in a poster 

 

In the Data-Enabled Design Research, different stakeholders with diverse knowledge and expertise are 

involved. The main stakeholders involved in the project are described below:  

 Researchers 

Researchers involved in the data enabled design research, are the people who create hypothesis 

and/or ideas around which the research direction of the project is built. Mainly, researchers 

from human research are involved and their task is to understand and analyze the behavior of 

the participants from the obtained data in the format of event logs. Furthermore, researchers 

are the people responsible for specifying how data should be logged for the needs of the 

research.  

 

 Domain experts 

Further in the research, domain experts were included in the project. The domain experts are 

the researchers with knowledge in the surrounding environment and sleep processes of 

individuals. Their role is to analyze the incoming data, define the sleep deviations of participants 

and create suitable environment for improving the overall quality of sleep of the involved family 

members.  

 

 Data Designers and Developers 

Data designers are the people responsible for the visualization of the collected data based on 

requirements from the researchers. Their main task is to develop an online iterative visual 

dashboard, from which researchers can monitor and analyze incoming data. On the other hand, 

developers are responsible all devices to be set up correctly and working properly for data 
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collection. Also, a task of the developers is to maintain the application through which 

researchers and participants are communicating.  

 

 Participants  

Participants are the actual subjects, which interact with the sensor devices in the ecosystem and 

generate data for the Data-enabled design research. They intervene with the sensor devices in 

their households at any time of the day and generate data, which is later stored on a cloud 

database server. An example of data generation is when a participant interacts with a coffee-

machine connected to the mFi power socket. This could be an indication that one of the 

participants is ‘preparing a coffee’.  

 

3.2.  Data Sources and Data Extraction  
Recorded data from different smart home sensor devices provides important information about the user 

behavior throughout the day. By extracting and combining data from couple of household devices a 

complete event log with daily activities can be created. Furthermore, through analysis of the extracted 

data, one can uncover trends in the daily user behavior. The people, part of the Data-enabled design 

research at Philips Design, are focused on data-enabled decision making. The incoming data from the 

sensor devices is rarely in a ready-to-use format for process analysis. Usually, the data is stored on cloud 

database servers, which first needs to be extracted and then pre-processed. The focus in this section is 

to describe the types of obtained data from different smart home sensor devices within the Field Labs 

research.  

In the study of the Field Labs at Philips Design, the experiment is carried out through five families in the 

Netherlands. Each of the households has different number and type of installed sensor devices to track 

the daily and night activities of the families. From the beginning of the research, each of the family 

members were instructed to wear a Fitbit tracking device throughout the day and the night. Fitbit data 

gives overview information about the daily active minutes of participants, heart rate of participants, as 

well as provides information about sleep patterns and sleep stages of family members throughout the 

night. The households, were also provided with Withings mattresses that keep track on the bedtimes of 

the household members, as well as gives information about the sleep stages of the participants. Each 

participant was provided with it is own mattress. To keep track of the bedroom environment, the rooms 

of the participants were equipped with Somneo wake-up light sensor device. The main function of the 

device is to be used as a wake and nigh lamp, in order to improve the sleep quality of the participants. 

Also, Somneo sensor devices collect information about light, temperature, humidity and sound levels in 

the bedroom of the residents. Except these three types of sensor devices, every household was 

equipped with mFi smart power sockets. The power sockets are used to track electricity usage of 

connected home devices. Devices that are connected to the power sockets differ for each family. The 

type of connected devices to the power outlet includes coffee-machines, televisions, smartphones, 

laptops, night lamps and alarm clocks. The data coming from these devices is recorded in a semi-

structured JSON file format and stored in a MongoDB cloud database server. It is good to mention that 

data coming from the Fitbit and Somneo sensor devices is stored in every 15 min, while data coming 

from the Withings and mFi sensors is stored only when a pressure or consumption is detected, 

respectively. After obtaining the data from the server, data is transformed into structured formats, such 
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as CSV. For the purpose of the Master project, data from the period end of November until end of 

March was extracted. 

 

3.3. General Model of the Smart-Home Environment  
To get a better understanding of the smart-home environment and the relationship between the data 

elements, a general data model was created. A metamodel (general model) is a simplified model of a 

real life model [31]. In the field of software engineering and system engineering for the analysis and 

construction of models, metadata models are used [31]. Main relationship components of the model are 

generalization, association and aggregation. The generalization concept is used to express the 

relationship between a general and more specific concept. General concepts are visualized by a solid 

arrow with an open arrowhead, pointing to the parent. Association concepts are used to specify the 

relationship between two or more concepts and it is presented with an undirected solid line. One of the 

main characteristics of associations is multiplicity. With the characteristic, one can state the number of 

objects connected across an instance of an association. Finally, with aggregation, relationships between 

general and sub-concepts are presented. Aggregations are visualized with a solid line with a diamond 

form head pointing towards the general component. An obtained metamodel for Field Labs research can 

be seen in Figure 3.3. 

In Figure 3.3, five main components of the environment can be seen. Component ‘Household’ and 

‘Participant’ are specific components of the general component ‘Device owner’. Furthermore, concept 

‘Participant’ can be part of the concept ‘Household’. As seen in the model, within a household, one or 

more participants can live in. On the other hand, a participant may belong or be registered to only one 

household. Smart-home sensor devices play an important role in the data collection within the smart-

home environment. In the generic model, a sensor device may be “owned” by none or one device 

owner. However, device owners may own one or many smart-home devices. The final relationship is 

between the sensor devices and the generated sensor device event data from them. From the model, it 

can be seen that a sensor device may produce one or many data points and device data may describe 

one or many sensor devices. Although usually each device data should be related to a specific device, in 

some cases participants might decide to switch devices connected to the power outlets and generate 

wrong measurements. Hence, in the case of the Field Labs the relationship one-to-many is presented 

between Device and Device Data components, in case some of the participants connects a device 

different from the one labeled in the dataset and produce wrong data.     
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Figure 3.3: Logical relationship between components within the Field Labs research 

 

Once the topic of the Field Labs research and types of sensor data within the research are presented, a 

move towards obtaining event logs capturing human activity behavior can be made. In the next 

Chapters, a detail description of the applied method for obtaining and analyzing event logs will be 

presented.    
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4. Identifying Event Labels 
 

In Chapter 3, an introduction of the Field Labs research and the different types of collected sensor data 

within the research were presented. Once the data from the sources is extracted, an exploration of the 

data for quality issues have to be made. Data exploration is closely related to data analysis and it is an 

essential step towards proceeding to data mining [32]. With the approach one can gain enough 

knowledge about the data before further apply it to data mining or process mining techniques. In 

Section 4.1, a presentation of the applied techniques for exploration of the data will be made. Further in 

Chapter 4, data preprocessing techniques for cleaning the data will be applied, in order to obtain data 

ready-to-use for obtaining event logs. In Section 4.2, data cleaning methods for handling missing values, 

noise and correcting inconsistencies will be described. Finally, in Section 4.3, the method for obtaining 

event labels will be presented.  

 

4.1. Data Exploration 
Most of the times extracted data cannot be directly used for processing right after the collection. Data 

usually consists of missing points or data values that cannot always be trusted [33]. Hence, an inspection 

on the extracted data have to be made. In the following sub-sections of Section 4.1, some of the data 

quality issues observed in the extracted data will be described.  

 

4.1.1. Null Value Detection 
Missing data refers to missing or incomplete values in the data. The main reason for such values is either 

unrecorded data or data failed to be recorded. Handling missing values is considered as one of the most 

important aspects in data mining. Without obtaining a clean data collection, achieving meaningful 

results is considered as a difficult task. By saying so, it is of great importance to capture and handle 

missing values in the data. In the case of the Field labs research, the provided information can be 

trusted, however, there were significant amount of NULL and NA values in the data. For example, the 

data from the FitBit devices, often had empty or incomplete values. The absence of values were 

sometimes caused by wrong user intervention with the sensor device. For example, after few interview 

sessions it was found that participants used to forget to turn on the Bluetooth on their mobile devices. 

Furthermore, the participants were forgetting to synchronize their FitBit devices with the FitBit 

application. The lack of interaction with the tracking device from some of the participants made the 

analysis of their activity behavior difficult. Except the incomplete measurements caused by the 

participants, some of the errors were due to wrong measurements of the FitBit device itself. In the cases 

where the Fitbit sensors could not detect a movement or blood pressure of participants, error values 

were generated. Similar missing data elements were found in the data of other sensor devices. For 

example, from the connected coffee-machine to the mFi power outlet in family 1, there was an 

enormous amount of NA values in the usage column vector. The error in the recordings was caused due 

to a problem in one of the sockets. From the analysis of the missing data values, no clear pattern of 

“missingness” was defined and hence data was missing at arbitrary. For these cases, data cleaning 

techniques for scoping the analysis dimension were performed. Data cleaning on the sensor data is 

explained in Section 4.2. 
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4.1.2. Outliers Detection 
A very interesting and tricky aspect in data mining is the outlier. Outliers are observations in the data 

that deflect the end results [32]. Usually, these values are relatively far from some central value and 

affect the computation of averages and least square lines. Hence, it is a good practice to investigate the 

different types of data. A way to detect outliers in data is to use box plots as proposed in [34]. Adopted 

from [34], box plots are rectangles with top and bottom sides at the levels of the quartiles, having a 

horizontal line crossing at the median and whiskers of length 1.5 times the interquartile range at top and 

bottom. Every data point outside of these limits is a potential outlier. In the case of the data collected 

within the Field Labs research, box plots were used to identify outliers in the data. An implementation of 

the technique can be seen in Figure 4.1. 

 

Figure 4.1: Outliers detection with Box plots for the Somneo records 

 

In Figure 4.1, the average records of temperature, sound, humidity and light levels throughout the day 

from the Somneo device in Family 2 for March can be seen. In the x-axis, hours of the day are presented, 

while in the y-axis temperature degrees in Celsius, sound levels in Decibels, humidity levels in grams of 

water per cubic meter and light levels in lux are captured. The data from the Somneo is extracted in an 

interval of 15 minutes and captures the average values of the previously mentioned environmental 

changes within that interval. From Figure 4.1, one can easily see with black dots data points which are 
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far from the upper and lower whiskers range. These records are an indication of an environmental 

changes which are not normal for a particular time of the day within the smart-home ecosystem. For 

example, in Figure 4.1, in the box plot for the average sound levels graph (third from top to bottom) one 

can see three black dots happening at 01:00, which are far from the median value for that particular 

hour of the day. From [34], these records are considered as outliers and could be an indication of an 

atypical activity behavior within the smart-home environment. An explanation of such behavior could be 

that participants were listening to loud music or that participants were having a conversation or that 

participants were watching television and etcetera. Such outliers are interesting for researchers within 

the Field Labs research and can be further analyzed to discover the reasons behind them. Ways to deal 

with outliers identified in the data provided by Philips Design will be described in Section 4.2. 

Except the method of noise identification in data with box plots, one can use the distribution of the data 

to compute thresholds [13]. In that case, data points which are atypical from the normal behavior can be 

captured. A popular approach is to apply Multivariate Adaptive Statistical Filtering (MASF) method for 

anomaly detection on the collected data points. The method is applicable in the cases where behavior of 

data is assumed to follow the normal distribution. Under the assumption that collected data follows 

Gaussian distribution, one can set 68%, 95% or 99.7% threshold limits within 1, 2 or 3 standard 

deviations (σ) of the mean (μ), respectively. Demonstration of the approach in the data obtained within 

the Field Labs research is described in the paragraph below. 

In Figure 4.2, a 1-dimensional histogram on the average Watt consumption of the connected ‘coffee-

machine’ device to the mfi power outlet in Family 3 on can be seen. From the figure, in the x-axis the 

average usage of the coffee-machine can be seen, while in the y-axis the frequency of occurrence from 

the data is presented. Through the histogram analysis, one can visually assess that in the left part of the 

figure, points are outside of the “normal” usage population. These values are indication of noise and 

were initially filtered. Then, the rest of the data point population was analyzed with MASF method, in 

order to obtain event moments indicating normal behavior of the device.  

 

Figure 4.2: Discovered 'noise' in the data, while obtaining event labels from the Coffee-machine plugged-
in the 'mFi' power outlet sensor in Family 3 
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To demonstrate that the current population does not follow the normal distribution and contains 

outliers, a simple goodness-of-fit test was performed. With the test, one can test an assumption towards 

data following a certain distribution type. For the purpose of the test, one-sample Kolmogorov-Smirnov 

and Shapiro-Wilk test on the average consumption values of the coffee-machine were applied. The two 

methods are based on the null hypothesis that data points follow the normal distribution. Obtained 

results from both tests can be seen in Figure 4.3. In the figure, the output p-value of both tests is way 

below the α-value of 0.05 for confirming that data follows the normal distribution. Hence, the 

hypothesis of having the data from the average consumption of the coffee-machine following the 

normal distribution is rejected.  

 

Figure 4.3: Kolmogorov-Smirnov and Shapiro-Wilk normality tests on the average coffee-machine 
consumption 

 

In order to obtain the normal behavior of coffee-machine consumption, the MASF method on the 

average coffee-machine usage values was applied. The first step towards obtaining thresholds is to 

define the mean µ value of the data attributes. From the mean, one can compute the standard deviation 

and set thresholds of the data. In the example of the coffee-machine consumption mean µ = 598.1165 

and standard deviation from the mean σ = 261.8041 were obtained. The boundaries of the threshold 

were set within one standard deviation of the mean and covered 68% of the data. Obtained lower and 

upper threshold were equal to 336.3125 and 859.9206, respectively. Data values outside the selected 

threshold were considered as possible outliers that do not indicate normal coffee-machine 

consumption. Handling identified outliers in the data from the MASF method will be described in Section 

4.2. 

 

4.1.3. Redundant Data 

Redundant data is data that are repeatedly present in different attributes. In such a way said, data that 

are recorded twice or more times on the same set are considered redundant data. In the data collected 

within the Field Labs research, after performing detailed observation, attributes with repeating values 

were discovered. For example, column with “name” information was recorded two times. Both columns 

provided information about the names of the participants. The only difference was that one of the 

columns provided more detail description about the participant like ‘Family 1 P1 Alex’, while the other 

one provided more general description of the family member ‘family-1-patient’. In Table 2, we can see 
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the two redundant columns ‘alias’ and ‘name’. The names used within the research are fictional and 

were created by researchers for simple recognition of participants.  

 

Table 2: Redundant data from the extracted JSON file 

 

The issue of dealing with redundancy from the dataset is described in detail in Section 4.2. 

Overall, the extracted data from Philips Design consisted with a lot of information. Some columns had to 

be removed from the datasets, while in some cases extra columns were created for better data analysis. 

In the case of the provided dataset, there were existing columns such as projectid, X_id.x, updated_at, 

X_v, clusterAliases, meta.version, date, description, data.triggers, clusters, apiUsers, users, 

entityTimeline, entities, alias, data.familyIndex, data.userIndex, data.botID, data.botSessionId, 

data.scheduledModules, data.firstUsed, data.mapping.context, data.mapping.description.  

 

4.2. Data Cleaning 
Obtaining data from different sensor devices within the Field Labs research can have many data 

challenges. These challenges are described in detail in Section 4.1. To overcome the challenges in the 

data, one can apply data preprocessing techniques on the obtained data set. There are different data 

preprocessing techniques that help to prepare the data in a format suitable for analysis. Widely used 

techniques are data cleaning, data integration, data transformation, data reduction and data 

normalization [9]. In the case of the research conducted by Philips Design, data cleaning was used to 

prepare the data for analysis. Data cleaning is the process of removing or resolving errors, 

inconsistencies or redundancies found in the data, in order to improve the overall quality and accuracy 

of the dataset [35]. One of the widely used approaches is to remove irrelevant data from the dataset. 

This technique is called listwise deletion and is one of the most common used data cleaning approaches 

[12]. The method can be simply applied by using filtering on the empty values. Except dealing with the 

problem of missing data, one also have to determine how to handle outliers in the data. Further in the 

section, outlier handling techniques applied on the dataset will be described.  A description of the 

different data cleaning techniques can be found in the sections below. 
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4.2.1. Listwise Deletion  
Listwise deletion is a technique used for removing attributes or events from the recorded values of an 

attribute [11]. In the case of the Fields Lab research, listwise deletion approach to remove redundant 

data from the collected data was used. Since the two redundant ‘name’ columns provided the same 

information, a decision to remove one of the two columns was made. As an end result from the 

approach, column ‘alias’ was left and column ‘name’ was filtered out. The decision to leave the more 

general column was based on the assumption that for researchers’ analysis it is more useful to separate 

residents on patient and participant.  

Also, Listwise deletion technique for removing missing values which disturbed the collected sensor data 

was performed. Some of the devices connected to the power sockets were producing unreliable usage 

values. For example, the coffee-machine connected to the mFi power outlet in Family 1 had many NA 

usage values, as seen in Section 4.1. Based on the ‘missingness’ of the values one can select how to 

handle missing data. From the analysis of the coffee-machine values in Section 4.1, no pattern of 

‘missingness’ was discovered. Hence, data was missing at arbitrary and listwise desletion technique on 

the missing values of the coffee-machine was performed. By doing so, the values that had no meaning 

were removed and only the values which indicated a ‘possible’ interaction of participants with the 

connected coffee-machine sensor device were left.  

 

4.2.2. Handling Outliers 
Once outliers in the data are identified, one have to define the correct procedure of handling the 

outliers. Popular approaches for dealing with outliers is to either adjust the data points to their correct 

values or remove them from the data [36]. To be able to make the decision, one need to define the 

reason for the outlier. In [37], authors propose to verify the discovered outliers by obtaining additional 

knowledge on the domain environment. With the approach, one can classify outliers as positive or 

negative and based on the classification to decide the approach of handling the outlier. Authors of [38], 

describe negative outliers as errors that do not provide any meaning and should be removed from the 

data. On the other hand, according to [39], positive outliers are considered as interesting and may 

contain potentially valuable or unexpected knowledge.  

In the case of the data from the Field Labs research discovered outliers are classified as interesting by 

researchers and require extra study. In the example from Figure 4.1, captured outliers from the Somneo 

sensor device of the bedroom environment in Family 2 describe environmental changes from the 

regular conditions in every hour of the day for March. The recorded values can be trusted and are 

classified as interesting by the researchers involved in the project. Such values require additional 

information from participants, in order to identify the reasons that caused them. Once the reasons are 

specified, new knowledge about hidden human activity behavior can be discovered. However, gathering 

information through interview sessions is costly and time consuming procedure. Considering the time 

limitation period of this master thesis, it was decided that this interviews will be left for future studies.  

Except the discovery of outliers from the Somneo device, interesting outliers can be seen in the example 

of the average coffee-machine consumption in Figure 4.2. As previously mentioned in Section 4.1, on 

the left part of the histogram, unusual recordings of data values were discovered. Later, these values 

were classified as outliers with the MASF method and required additional studying. However, no 
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information about the connected coffee-machine types and usage consumption was recorded by 

researchers. This made the study of outliers difficult and led to assumptions towards the behavior of the 

devices. Based on the data exploration step for outlier detection, an assumption that recordings outside 

of the lower threshold are an indication of self-cleaning step was made. On the other hand, an 

assumption that data points within the threshold are indication of human interacting with the device 

was created. However, verification of the assumptions can only be obtained through interviews with 

participants, which as previously stated are not covered in the scope of the master thesis. Due to the 

limited information from the domain knowledge about the connected devices, identified outliers were 

removed from the data, because it is assumed that they do not correspond to activities performed by 

the participants.  

In Section 4.1 and Section 4.2, data exploration and data preparation on the obtained data from the 

Field Labs was performed to obtain data ready for analysis. Once the data is cleaned from missing values 

and outliers, one can proceed to the techniques of obtaining event labels from the data. In Section 4.3, a 

preliminary analysis for obtaining event labels from smart-home devices will be provided.  

 

4.3. Obtaining Event Labels within the Field Labs Dataset  
Once the extracted data is cleaned from missing values and outliers, one can proceed with scoping the 

data in the format of event logs. In Chapter 2 of this thesis, the criteria of the information needed to 

build an event logs is described in detail. From the description, it was stated that the bare minimum for 

performing process mining is event logs to have at least a case identifier and activity name attributes. 

Furthermore, except the two mandatory attributes, additional information describing the process can be 

added. Attributes containing information regarding the time of event occurrence, resource performing 

the activity, cost of the event and etcetera are some of the examples that can provide more insights on 

the process. However, often data collected in ecosystems do not record such components. The same 

problem is seen in the data stored from the sensor devices within the Field Labs research. To resolve the 

problems, one need to obtain the required attributes of the event log.  

Before introducing the method of identifying event labels within the Field Labs data, it is good to first 

mention the main concepts of event logging. According to [8], concepts of the event log can be 

identified in three separate levels, namely process model level, case/instance level and event level. On a 

process level, one can observe processes and activities from the obtained process models. The 

case/instance level is used as a relating point between processes and activities in the model with events 

from the event log. Within the case level, cases and activities instances are captured. Finally, on an event 

level, information about event attributes captured in the event log can be seen. Additional attributes to 

events can provide valuable information that can be mapped onto the process model level. For example, 

timestamps, resources and costs can all be used as additional information to define patterns, allocation 

rule or inefficiencies. In most cases, event data corresponds to rows in a table recorded in a CSV file or a 

spreadsheet (e.g. Excel file). In Figure 4.4, mandatory and optional event attributes in an event logs are 

shown.  
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Figure 4.4: Class diagram of the basic logging concepts [8] 

 

From Figure 4.4, one can see that cases, activities and timestamp/position are mandatory parts 

describing the event. The absence of some of these attributes is classified as an event log quality issue 

[8].  

In the case of the data from the Field Labs research, data is collected in continuous time series. Hence, 

the data contains the event attribute timestamp for ordering of events. However, collected event data 

miss other mandatory features such as: case and activity. Furthermore, from the collected data in 

continuous time series it is uncertain when an event occur from participant interaction. To obtain event 

attributes, first the events describing a human interaction with a smart-home sensor have to be 

identified. In the following paragraphs, a proposed way of obtaining event labels from sensor data, from 

which additional event attributes start times, end times, activity and case can be discovered, will be 

proposed.  

As previously specified, to do process mining, events need to be related to cases and labeled with a 

proper naming. However, in the case of the collected data from Philips Design, events are in general not 

known. From the set, one needs to identify events related with activity performed by participants. To do 

so additional information from each sensor device will be used to find events describing human activity. 

To illustrate the approach, the data from the connected ‘coffee-machine’ in Family 3 will be used. Table 

3, demonstrates a snapshot of recorded data from connected ‘coffee-machine’ to the mfi power outlet 

in Family 3. The figure contains information about coffee-machine usage at different times of the day. 

The timestamp in the created_at.x column (left side of the figure) denotes the time at which the 

consumption was created. While the usage column (in the middle) denotes the usage consumption in 

Watts at which an event occurred. From the figure one can clearly see that records occur at different 

moments (row 4 and row 5), some more often than others. This leads to the assumption that records 

are created whenever consumption is detected. From the assumption, one can identify start and end 

times of events that describe coffee-machine usage from human behavior. One approach to obtain start 

and end time of events, is to determine time interval Δt to cut data into segments [40]. The approach 
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can be achieved by obtaining additional attribute based on the time difference of timestamp records 

from which a cut-off can be selected.   

 

Table 3: Timestamps (on the left) and usage values in Watts (in the middle) from the connected Coffee-
machine in Family 3 

 

To justify the selected approach for obtaining events from sensor data, simple data analysis in the form 

of 1-dimensional histogram plotting on the time difference attribute was performed. In the constructed 

histogram, the x-axis indicates the time differences of each timestamp record and y-axis displays the 

occurrence frequency as seen in Figure 4.5.  

 

Figure 4.5: Histogram plot of the 'time difference' attributes in records from the Coffee-machine in 
Family 3 for selecting a cut-off  
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Authors of [40], state that selecting a value for cutting data into segments is a difficult task. If the value 

is too small, one can capture events from sensors too precisely, but loose the bigger picture. On the 

other hand, if the values are too large, one can get a good summary of sensor events, but fail to 

distinguish sensor patterns.  

In the case of the connected coffee-machine within the Field Labs research, a cut-off value of 320 

seconds (≈ 5 minutes) was selected. The reason behind the selection of the threshold is based on the 

assumption that some coffee-machines include options for making several cups of coffee one after the 

other or different coffee-machine settings take different times [41]. With the approach, as start 

moments, events having time difference equal to or more than 320 seconds, were selected.  

After data is cut into segments, one can define additional attributes on which to perform analysis to 

verify the selected approach. To do so additional attribute duration between cut-off moments was 

added. The analysis on the duration between cut-off moments (also referred as episodes) was used as a 

verification of the technique applied on the time difference attribute and can be seen in Figure 4.6. The 

assumption before the analysis is that data points from the duration feature follow the normal 

distribution. From the figure, the x-axis displays a duration of coffee-machine session in seconds and y-

axis shows how frequently the duration can be observed.  

 

Figure 4.6: Histogram plot of duration times attribute from the connected Coffee-machine device in 
Family 3 
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In the figure above, four peaks from the obtained distribution can be spotted. The peaks are a clear 

indication that data points follow the multimodal distribution. Hence, the assumption regarding the 

normal nature of the data points within the duration feature is rejected. However, this leads to the 

assumption that from the multimodal nature of data points underlying within the probability density 

function, different activity labels from the coffee-machine can be obtained. For example, from the 

example of the coffee-machine, activity labels such as: ‘preparing short coffee’, ‘preparing medium 

coffee’, ‘preparing long coffee’ and ‘preparing very long coffee’ can be created. Furthermore, it can be 

assumed that these activity labels to be related with coffee preferences by the participants (i.e. 

participant 1 drinks normal coffee, while participant 2 may have 2 coffees one after another). Hence, 

this leads to the decision of applying clustering on data points based on duration times to obtain their 

normal behavior and label the discovered clusters. A detailed description of the applied clustering 

method on the duration feature can be seen in Chapter 5.  

Except the analysis on the duration between episodes, histogram analysis on two new additional 

attributes was performed. The approach is used to verify the cut-off method on time difference 

features, as well as to look for outliers, in order to obtain “true’’ event labels from the data. To do so, 

additional columns length and average usage of episodes were added. Here, as well as in the analysis on 

the duration, the assumption is that data points from these attributes follow the normal distribution. 

Histograms of the length and the average usage of episodes can be seen in Figure 4.7 and Figure 4.2, 

respectively.  

In Figure 4.7, length of episodes discovered from the connected ‘coffee-machine’ in Family 3 can be 

seen. From the figure, on the x-axis, length between cut-offs is displayed, while the y-axis captures the 

frequency of the observed lengths. Here, one can clearly see that data points are grouped within 

different peaks. This leads to the assumption about the multimodality distribution of data and 

confirmation of the previously defined assumption regarding the different coffee-machine settings. 

Furthermore, with the assumption that data follows multimodal distribution, the initial assumption of 

having data points following the normal distribution is rejected. The similarity of the duration and length 

histograms led to the approach of clustering with mixture modeling for obtaining event labels on 

duration times described in detail in Chapter 5.    
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Figure 4.7: Histogram plot for the length of Coffee-machine episodes 

 

Finally, analysis on the average usage of episodes was performed. The approach is used to look for 

outliers, regarding the provided attribute usage, in order to obtain “true’’ events from the data. A 

description of the approach of identifying outliers within the average coffee-machine usage was 

provided in Section 4.1.  

In Section 4.3, an approach of obtaining event labels from connected ‘coffee-machine’ timestamp 

attribute was described. To do so, three additional attributes from the created_at.x column, namely 

time difference, duration and length and one additional attribute average usage from the usage 

attribute, were added for analysis. Then, a 1-dimensional histogram analysis on the time difference 

attribute of the ‘coffee-machine’ was performed to define a cut-off value, in order to cut the data into 

segments from which to identify start and end times of events. From the analysis, a cut-off point of 320 

seconds on the time difference attribute was selected. Then, the approach was verified with analysis on 

additional attributes, namely, duration, length and average usage of an episode. From the analysis, an 

assumption that from the coffee-machine duration new activity labels can be discovered related to 

participants’ behavior was made. From the assumption, clustering with mixture modeling on duration 

attributes will be performed. Application of the clustering approach will be covered in Chapter 5. 

Furthermore, it is good to mention that the approach in Section 4.3 was applied on other sensor devices 

to obtain event labels. 

To sum up, Chapter 4 described methods for exploration and preparation of sensor data. Within the 

approach, missing values, outliers and redundant data were discovered. Missing data was handled with 

listwise deletion. Once missing data was removed, data was searched for outliers with Tukey’s box plots 

and MASF method. After data was cleaned, a method for obtaining event labels from time difference 

attribute was proposed. The goal of the method was to discover start and end time of events within the 

data set, from which event labels can be obtained. From the analysis, it was discovered that new activity 

labels can be obtained with clustering on duration features.   
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5. Label Refinement and Case Identification 
 

In Chapter 4, we proposed a way for obtaining event labels from time difference attributes. From the 

method, it was discovered that obtained event labels can be further refined on duration attribute, in 

order to capture more precisely activities performed by participants within the households. 

Furthermore, as previously mentioned in Chapter 2, clustering with mixture modeling on start time 

attributes can be further applied to obtain more descriptive activity labels of human activity throughout 

the day. The used unsupervised machine learning technique is inspired by [21].  

In the sections below, probabilistic mixture modeling performed on sensor types will be described. It is 

good to mention that for the duration features of the sensor events Gaussian Mixture Modeling will be 

applied, which compiles to the rules of linear statistics, while for the start times features, von Mises 

Mixture Modeling will be performed due to the circular transition required for this type of domain. In 

Section 5.1, the implementation of the Gaussian Mixture Modeling on the coffee-machine duration 

attribute will be presented. While, the implementation of the von Mises Mixture Modeling on the 

coffee-machine start-time attribute will be covered in Section 5.2. The goal of Chapter 5 is to refine 

recorded event labels, in order to capture a more precise representation of human behavior throughout 

the day within the smart-home environment. Further, in Section 5.3, the selected case identifier 

attribute for grouping of events will be described. 

 

5.1.  Clustering on ‘Duration’ Feature  
In Chapter 4, it was identified that the duration attribute of the connected ‘coffee-machine’ device in 

Family 3 follows multimodal distribution. This led to the assumption that new activity labels describing 

the captured events can be obtained. For example, by performing clustering on the duration features of 

the connected ’coffee-machine’, one can obtain activity labels such as: ‘preparing short coffee’ or 

‘preparing long coffee’ and etcetera. From the discovery, it was decided that Clustering with Mixture 

Modelling will be applied on smart-home devices to obtain their normal behavior. 

 As mentioned in the beginning of the chapter, Gaussian Mixture Model (GMM) clustering on duration 

features of smart-home sensor events was performed. GMM clustering is a probabilistic mixture 

modeling technique used in linear statistics that can model similar data points within multi-modal data 

population by a Gaussian distribution [25]. For the clustering approach, R packages ‘Mclust’ [42]and 

‘Mixtools’ [43] were used.  

One of the problems with the clustering unsupervised machine learning technique is the right selection 

of cluster components. To be able to fit sensor event data points within the Gaussian distribution, the 

Bayesian Information Criteria (BIC) was used. Bayesian Information Criterion is a statistical model 

selection method among a finite set of models [44]. The statistical model criterion increases the log-

likelihood by introducing a penalty for an increasing number of parameters in the model. BIC can be also 

seen as an implementation of Occam’s Razor principle, which states that one should pick the simplest 

model that describes the underlying data. Based on the statement, the model with the lowest 

information criterion should be selected. However, in the study of [45], authors suggest to either accept 

or reject evidence against the model with the higher BIC according to Table 4. In the case of the data 



40 
 

collected from Field Labs, start-time feature components with BIC value lower than 10 were accepted. 

However, for the selection of model components from the duration feature the largest value of the BIC 

mixture was chosen. The approach is based on [46], which state that the larger the value of the BIC, 

prove a stronger evidence for the model and number of clusters. Furthermore, different functions for 

the selection of BIC for both cases are used, which require different approaches for selecting the 

number of components. In the following paragraphs, the example with data from the connected ‘coffee-

machine’ in Family 3 will be used to demonstrate the application of the clustering approach. 

 

Table 4: Model selection criteria based on the change in the BIC value [21] 

 

Once specified, the criterion for fitting components within the Gaussian mixture model was applied on 

the connected ‘coffee-machine’ in Family 3 sensor event data. In Figure 5.1, the number of selected 

components from the duration attribute of the connected ‘coffee-machine’ sensor in Family 3 are 

shown.  

 

Figure 5.1: BIC value change for the increasing number of mixture components from the Coffee-machine 
device 
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From Figure 5.1, four model clusters that describe the underlying data are identified. Then, the four 

Gaussian mixture components were fitted with the help of normalmixEM function from package 

‘Mixtools’ in R, based on the Estimation-Maximization (EM) algorithm. Obtained model parameters can 

be seen in Figure 5.2.  

 

Figure 5.2: Estimated parameters for the duration of Coffee-machine using GMM clustering 

 

From the estimated results, the time needed to prepare a coffee, usually takes on average 54, 88, 143 

and 244 seconds (μ values). Furthermore, the mixture model indicates that the tendency of preparing 

coffee is 54 seconds (λ = 0.35) with a variance of 14 seconds (σ). With the selected approach of 

clustering on duration times, four new labels describing the events from the connected coffee-machine 

device were obtained, namely ‘preparing short coffee’, ‘preparing medium coffee’, ‘preparing long 

coffee’ and ‘preparing very long coffee’. The obtained activity labels further might be related to some of 

the participants. However, the assumption can be verified with information from the participants.  

 

5.2.  Clustering on ‘Start-time’ Feature 
As previously mentioned, within the smart-home environments it is important to identify activities 

performed by participants throughout the day. Events captured from sensor devices, happen at 

different times of the day. By labeling events from sensor devices captured throughout the day in the 

same way, one would end up discovering ‘flower-like’ models [21]. A suggested approach to obtain 

more precise activity labels is to perform label refinement on start-time attribute of events. As identified 

in [21], Gaussian mixture clustering cannot be applied on the start-time features of sensor events. The 

main reason for the problem is the wrong clustering of data points happening before and after midnight 

due to the linear nature of the mixture model technique. A suggested approach in [47] is to switch from 

linear to circular statistics. In circular statistics, data points can be converted into angles and plotted on 

a circle unit. For the purpose of the research at Philips Design, in the section below, the methodology 

defined in [21] will be applied on the provided sensor data.  

The methodology of label refinement on start-time features of smart-home sensor events consists of 

three main statistical steps. The idea of the steps is to use a statistical approach for obtaining reliable 

clusters. The steps proposed in [21] are data-model pre-fitting stage, data-model fitting stage and data-

model post-fitting stage. Further in the sections below, each of the steps will be described and it is 

implementation on the event data will be shown.  
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5.2.1. Data-Model Pre-Fitting Stage 
A big issue within the unsupervised machine learning domain is that clustering algorithms will eventually 

find clusters even, if there are not any [21]. Hence, a statistical test towards the clustering tendency 

have to be performed. Within the circle unit, three main types of distribution can be found – uniform, 

unimodal and multimodal. The different types of distribution around the circle can be seen in Figure 5.3.  

 

Figure 5.3: Different types of distribution around the circle unit [21] 

 

Uniform distribution in circular statistics, simply means that all data points are randomly distributed and 

no clustering can be applied. On the other hand, unimodal and multimodal distributions can be an 

indication of a cluster structure. It is good to mention that to be able to apply probabilistic mixture 

modeling on start-times, sensor data points have to follow at least bimodal distribution. To accept the 

clustering unsupervised machine learning approach, data points have to be tested against uniformity 

and unimodality checks as well as against number of component selection.  

 

5.2.1.1. Rao’s Spacing Test for Uniformity Check   

To test if sensor data follows uniform distribution, Rao’s Spacing Test was applied. The statistical 

method is based on the null hypothesis that all data points are uniformly distributed across the circle 

and N number of observations are separated from each other for a 360/N distance unit [48]. If data 

points from sensor events fail to pass the null hypothesis, sign for a directionality is generated. Rao’s 

Spacing Test was applied with rao.spacing.test (x, α) function from package ‘circular’ in R. In the 

function, x specifies the vector containing circular data points and α represents a numeric value that 

defines the significance of the test [21]. It is good to mention that for applying the function, start-time 

attributes were converted into radians. The selection of the α - variable was determined according to 

the table of simulated critical points [49]. In Figure 5.4, an example of the implementation of the 

uniformity check on the ‘coffee-machine’ sensor device can be seen.  
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Figure 5.4: Rao's Spacing Test for 'Coffee-machine' sensor event type 

 

From Figure 5.4, the obtained test statistic value of 209.9581 is above the critical value of 141.18 for the 

level of 0.01, which allows to reject the null hypothesis of uniformity for the coffee-machine start-time 

features. Next step in the analysis is to check if data is at least bimodal. Multimodality check will be 

described in the section below.  

 

5.2.1.2. Multimodality Check – Hartigans’ Dip Test  

Once data points have passed the uniformity check, event data from sensor devices were tested for 

bimodality. To be able to identify if start-time attributes follow unimodal or multimodal distribution, 

Hartigans’ Dip Test was performed. The statistical test is based on the hypothesis that data points follow 

unimodal distribution and failing to pass the hypothesis allows to assume that data is at least bimodal 

[50]. The test was applied with function ‘dip.test’ from package ‘diptest’ in R. For the test, start-times 

features of smart-home sensor devices were converted into radians. The statistical results of the test 

from the example of the connected coffee-machine in Family 3 can be seen in Figure 5.5. The small p-

value indicates that the unimodality hypothesis should be rejected and hence, data points from the 

‘coffee-machine’ sensor are following at least bimodal distribution 

 

Figure 5.5: Hartigans' Dip Test for the 'Coffee-machine' sensor event type 

 

5.2.1.3.  Number of Component Selection 

After applying Rao’s Spacing Test and Hartigans’ Dip Test, the sensor event types on which clustering can 

be applied were identified. Further, for those devices the number of components that can be fitted have 

to be obtained. To do so the Bayesian Information Criterion was used. As previously mentioned in 

Section 5.1, for the start-time features of sensor events, the model with lowest information criterion will 

be used. The implementation of BIC for von Mises-Fisher distribution was done with bic.mixvmf (x, n) 

function from package ‘Directional’ in R. It is good to mention, that to be able to apply the function on 

the attributes of the sensor devices, initial timestamps were converted from Polar coordinates (radius, 
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angles) into Cartesian coordinates (x-axis, y-axis). In Figure 5.6, number of identified von Mises mixture 

components from the example of the coffee-machine sensor can be seen.  

 

Figure 5.6: BIC change for the increasing number of von Mises mixture components of the 'Coffee-
machine' 

 

After applying Bayesian information criterion on the ‘coffee-machine’ data points, five mixture 

components were identified. It is good to mention that the procedure was performed to all smart-home 

sensor devices that have successfully passed the Rao’s Spacing Test and Hartigans’ Dip Test. After the 

parameters were identified the von Mises fitting stage was applied.   

 

5.2.2. Data-Model Fitting Stage  
After the sensor events that have successfully passed the Data-model pre-fitting stage were identified, 

next step was to fit the obtained components with von Mises-Fisher distribution. The von Mises-Fisher 

distribution is used in directional statistics and it is a probability distribution on the (n-1) dimensional 

sphere in 𝑅𝑛 [51]. The parameters of the probabilistic distribution are called mean direction (μ) and 

concentration parameter (k) [52]. It is good to mention that the greater the value of k, the higher the 

concentration of the distribution around the mean direction (μ). To estimate the mean and 

concentration parameters of a mixture model, Expectation – Maximization framework was used. The 

Expectation – Maximization (EM) algorithm is an iterative method for finding maximum likelihood of 

parameters and consists of two steps for fitting data points, namely expectation (E) step and 

maximization (M) step. The E-step is used to calculate the probabilities of data points belonging to a 

mixture component, while the M-step maximizes the discovered log-likelihood by re-computing the 

parameters for each component.  

As previously mentioned, clustering on start-time features of smart-home sensor devices on a unit circle 

was performed. Before fitting the discovered von Mises mixture components, data points have to be 

converted from Polar coordinates (radius, angles) to Cartesian coordinates (x-axis, y-axis). The 
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conversion was made in order the obtained components to be utilized with function ‘movMF’ from 

package ‘movMF’ in R. After the step of transformation of data points was complete, the unsupervised 

machine learning method to fit a circular sensor data to a mixture of von Mises distributions was 

applied.  

 

Table 5: Estimated parameters for a mixture of von Mises distributions of the 'Coffee-machine' in Family 
3 

 

In Table 5, the obtained results of the clustering mixture model for the connected ‘coffee-machine’ in 

Family 3 can be seen. With α element the area covered of the cluster is presented, while parameters µ 

and k stand for mean direction and concentration around the mean on the circle, respectively. In the 

given example, Cluster 1 covers 7.4%, with mean direction of 1.83 (6.99 in hour float) and high 

concentration value of 773.98. Cluster 2 covers 46.4% of the circle and has a mean direction of 2.95 

(12.47 in hour float) and a concentration value around the mean of 8.205. Clusters 3 and 4 cover 20.5% 

and 9.6% respectively. The mean direction of the clusters is 5.11 and 4.07 (19.55 and 15.57 in hour 

floats) and concentration parameters of 16.192 and 8.695, respectively. Cluster 5 covers 15.8%, mean 

direction of 2.25 (8.59 in hour floats) and concentration value around the mean of 16.23. It is good to 

mention that lower k values indicate a higher dispersion around the mean direction. In the example of 

the coffee-machine, Cluster 2 has the highest dispersion of data points around the mean. Another point 

worth of mentioning is that some of the mean radians were returned in negative values (range of –π, π). 

To tackle the problem, 2π to the obtained result was added to convert the negative radians into positive 

values.      

 

5.2.3. Data-Model Post-Fitting Stage  
To be able to see how well the observed data can be described by the fitted model, the goodness-of-fit 

approach was used. To do so, Watson’s U2 hypothesis test for each cluster was applied. The statistical 

test is based on the assumption that implemented data points follow the von Mises distribution. Watson 

U2 test was implemented with the help of function watson.test from package ‘circular’ in R. Obtained 

results from the test on the example of the connected coffee-machine sensor device in Family 3 can be 

seen in Table 6.  
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Table 6: Estimated results from Watson U^2 test for the obtained clusters from sensor 'Coffee-machine' 

 

From the table, it can be seen that the obtained U2 values for each of the clusters of the coffee-machine 

is below the critical value of 0.163 [53] for alpha level of 0.01. Based on the results, the null hypothesis 

that the data points following the von Mises distribution cannot be rejected.  

In Section 5.2, the label refinement approach on start-time attributes was presented. Within Section 5.2, 

the approach was performed on the discovered start-time features of coffee-machine events, in order 

to capture their precise execution throughout the day. As a result, a connected ‘coffee-machine’ in 

Family 3 is happening usually around 6.86 and 7.11 (hour-floats), and around 7.54 and 9.64 in the 

morning, between 9.75 and 15.28 at mid-day, between 15.49 and 15.64 in the afternoon and around 

18.56 and 20.53 in the evening. Possible activity labels obtained from the clusters are ‘preparing coffee 

in the early morning’, ‘preparing coffee in late morning ’, ‘preparing coffee during mid-day’, ‘preparing 

coffee in the afternoon’ and ‘preparing coffee in the evening’ 

 

5.3. Case Identification within the Field Labs Case Study 
Once identified, activities have to be grouped and ordered within a common process instance to be able 

to be applied for process mining. Hence, events discovered in the data need to be related to cases [8]. 

As previously mentioned, a case (trace) consists of sequentially ordered events needed to be executed 

throughout the process. The set of events are grouped through a common case identifier, which 

presents their belongingness to a case. Moreover, within a smart-home environment, one can group 

events by different criteria, such as: address, room, participant or time component. According to [8], 

based on the goal of the research/project, one can select a way to order the events. In the following 

section, an analysis of the possible case identifiers within the smart-home environment will be made.  

To find what component is most suitable for grouping the events in the event log, an analysis of the 

features within the event log have to be made. In Table 7, an event log obtained for Family 3 can be 

seen. The event log consists of attributes start, end, date, activity and resource. The start attribute 

describes the moment when an event occurred, while the end attribute holds the moment when an 

event completed. The date attribute denotes the day component of when event occurred, while the 

activity feature describes the performed activity of participant within the smart-home environment. 

Finally, the resource indicates the person within the environment that performed the activity or device 

that was triggered.  
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Table 7: Snapshot of obtained event log for Family 3 

 

Each event within the environment, has a unique start and end time. Due to the fact that every event 

has a unique start and end times, the start and end attributes were rejected as possible case identifiers. 

The activity attribute describes the performed activity of participant and it is one of the mandatory 

features to perform process mining [8]. Hence, the attribute also cannot be used as a case identifier. 

One can also obtain an additional attribute room, which indicates where a device is placed in the 

household or participant is located. However, most of the devices are placed within the bedroom 

environment and no insight about the activity behavior of the participants within the household can be 

gained. This leads to the decision to either choose the resource or the date attribute as grouping criteria 

of events. As stated in the thesis context, researchers within the Field Labs research want to analyze 

human behavior of participants within the smart-home environment throughout the day and night. 

Hence, a more suitable feature for grouping is to select a day time component. Within the day 

component, one can group events based on their date of occurrence and identify the most frequent 

behavior of participants throughout day and night.  

To sum up, a way to obtain activity labels based on duration and start-time attributes and the 

implementation of the method on the connected coffee-machine device in Family 3 was presented in 

Section 5.1. and Section 5.2. The activity attribute is one of the two mandatory parts to perform process 

mining. Further in the chapter, the proposed approach for identifying a case identifier was described in 

Section 5.3. With the method, the day time component of the data was selected as a grouping criteria. 

Once the event logs for each household are obtained, we can move to the part of discovering and 

analyzing process models from event logs with process mining. The description of the applied process 

mining technique and analysis of the discovered process models from sensor data can be seen in 

Chapter 6.   
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6. Process Mining for Discovery and Analysis of Human Activity 

Behavior within the Field Labs Research 
 

In the previous two Chapters, the transformation of sensor data into event logs was presented. Once 

the event logs from different sensor types are built, it is time to visualize the event data in the form of 

process models and search for insights about the daily behavior of participants involved in the research. 

To do so, Section 6.1 starts with a ‘helicopter view’ on the obtained event logs in the form of dotted 

chart. Further, in Section 6.1, an analysis of the relations between events in the form of ‘directly-follows’ 

graph will be described. Once, the event logs are analyzed, process discovery technique for obtaining 

process models capturing human behavior within the smart-home environment will be presented in the 

end of Section 6.1. In Section 6.2, conformance analysis on discovered models will be described, while 

concept drift in the event log will be analyzed in Section 6.3.  

 

6.1. Process Discovery  
Once data is collected in the form of event logs, one can visualize the information within the log with 

process models. Process models are graphical representations of real life process flows. The modelling 

technique is mainly used in business organizations for analysis of workflow, order of execution of 

procedures, documentation and etc. Process models can be either manually modeled or discovered 

depending on the task. In the case of the research at Philips Design, process models will be discovered 

to represent human activity behavior within a smart-home environment for analysis. Then, discovered 

process models will be verified with conformance analysis techniques. The goal with the process model 

is to capture the complex information from sensor devices in a simpler illustration. In that way, new 

insights about the participants can be gained to help researchers analyze their behavior.  

After the event logs for each of the households are obtained, the first step, when imported in ProM 6.8, 

is to convert the format of the logs into XES. The eXtensible Event Stream (XES) is an event logging 

format based on the eXtensible Markup Language (XML) [54]. Furthermore, the event log format is used 

by the process discovery algorithms in ProM 6.8. To convert the obtained CSV event logs files into XES 

format, the plug-in ‘Convert CSV to XES’ was used. From the attributes of the plug-in, the date column of 

the event records was selected as a case identifier. The decision behind the selection of the date as 

trace generator is based on the idea that the discovered models should capture daily activity behavior of 

individuals. Further within the settings of the plug-in, the obtained human activities from the sensor 

devices were selected as activity identifiers.  

Once the event logs are converted into XES format, an initial step in every process mining project is to 

get a feeling for the data and the process in the event log [8]. This can be achieved by applying the so-

called ‘helicopter’ view with a dotted chart. An example of obtained dotted chart from the event log of 

Family 3 can be seen in Figure 6.1. The obtained event log contains 4242 events, corresponding to 109 

cases and 19 activity names. Within the chart, the x-axis represents time of the day and the y-axis 

captures trace index of the event, while the different colored dots represent activities. From the figure, 

one can easily see that events are spread mainly within the ‘day’ part of the time window and there are 
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less events happening in the ‘night’ time interval. Furthermore, with the tool, one can analyze deviations 

and search for patterns in the traces of the event log. One can do that, by zooming in the chart [8].  

 

Figure 6.1: Dotted chart for the process of events captured in Family 3 

 

Figure 6.2 shows a snapshot of a ‘zoomed-in’ process instance from the event log of Family 3. The 

snapshots describes events captured on a single morning between 06:00 and 09:00 within the 

household. From the figure, on the left side one can see events from the television, coffee-machine and 

Fitbit devices in the morning, which precede events from the Withings mattress smart-home sensor 

type. As previously mentioned, events captured from the Withings mattress indicate times of person 

went to bed or got out of bed. The events captured in the morning before the ‘going out of bed’ activity 

are assumed to be not related with human activity performed by the participants. Hence, traces with 

events from the connected devices to the mFi power outlet and Fitbit device, preceding the mattress 

sensor type, could be an indication of outliers in the event log. To identify the reasons behind these 

outliers, further interview sessions with participants have to be made.  



50 
 

 

Figure 6.2: Zoomed-in Dotted chart for the process of events captured in Family 3 

 

Based on the trace observation with dotted chart, it was decided that events captured before the 

waking-up times of participants to be removed from the log because they were not an indication of 

human activity from the participants. Hence, further filtering on the event logs was applied. To do so, 

filtering of activities technique for removing events that were not related with human behavior 

performed by participants was used [8]. ‘Outlier’ traces were removed with the help of plug-in ‘Filter Log 

using Simple Heuristics’ in ProM 6.8. Inside the plug-in settings, only complete states of sensor events 

and 80% of the most common start and end traces were left. However, one of the drawbacks of the 

technique is that simplifies the obtained models. Researchers from the field of Philips Design define 

outliers as interesting, in order to improve the process towards personalization. But in many cases by 

applying process discovery techniques on original event logs to the process discovery algorithms leads to 

obtaining ‘flower-like’ or ‘spaghetti’ models, where no insights can be gained [8].  

Before applying the obtained logs to the process discovery algorithms, it is good to first gain better 

intuition on the directly-follows relations between activities in the log. To do so, a directly-follows graph 

for each of the logs was created. The directly-follows graph is the basis of the Inductive Miner algorithm 

and corresponds to the “directly follows” relation used by the α-algorithm. The obtained directly-follows 

graph for Family 3 can be seen in Figure 6.3. In the graph, ‘boxes’ represent activities from the log, while 

edges show the connections between activities. The values on the edges describe the frequency of the 

connections between activities in the cases. With green and red color, start and end activities in the 

traces are presented, respectively, while with transparent color activities within the traces are captured. 

From Figure 6.3, we would look at the relation between activities ‘participant 1 going out of bed ’ and 

‘participant 2 going out of bed’ to search for patterns in the morning routines of the two participants. In 

Figure 6.3, in 22 cases activity ‘participant 1 going out of bed’ directly-follows activity ‘participant 2 

going out of bed’, while in 12 cases the opposite relations holds. Hence, an assumption that participant 
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2 is waking up before participant 1 was made. However, due to the low frequency of the directly-follow 

relations, the process discovery algorithms might define both activities as concurrent. Further, the 

assumption will be analyzed with process discovery algorithms. The implementation of the directly-

follows graph was performed with the help of the plug-in ‘Convert log to directly-follows graph’ in ProM 

6.8. 

 

Figure 6.3: Obtained directly-follows graph from the event log of Family 3 

 

After removing the outliers from the logs, obtained event logs can be applied to the process discovery 

algorithms. For the purpose of process discovery, the Inductive visual miner was used. The Inductive 

visual miner algorithm, uses the directly-follows graph and dependency graph to discover relations and 

frequencies between events from the log [8]. One of the main advantages of the discovered process 

models with the Inductive miner is that constructions are sound (i.e. ensures that the discovered process 

models are free of deadlocks, livelocks and other anomalies). Also, the process discovery algorithm 

insures flexibility, scalability and formal guarantees (i.e. higher fitness) [8].  

In the case of the Field Labs, obtained event logs were applied to the ‘Mine with Inductive visual Miner’ 

plug-in in ProM 6.8. Process models from the filtered logs for each of the families were obtained by 

applying different set to the sliders. In Figure 6.4, a process model from the event log of Family 3 with 

parameters 1 and 0.8 on the activities slider and the paths slider, respectively, was discovered. For that 

particular family, all activities in the event log were kept, while 0.2 of the noise was removed. The 

verification of the discovered process model with conformance analysis is described in Section 6.2. 

 

Figure 6.4: Discovered process model from the event log of Family 3 in the Inductive visual Miner 
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From Figure 6.4, one can see that a typical day within the household starts with a choice between 

activities ‘participant 1 going out of bed’, ‘participant 2 going out of bed’ from both Withings mattresses 

and ‘participant 1 morning activity’ from the Fitbit device of participant 1. Although we discovered that 

participant 2 in most cases wakes up before participant 1, the low frequency relation between the two 

activities does not allow the process discovery algorithm to distinguish both activities to happen in a 

sequence. Frequency of events following one another is further analyzed in Section 6.2. Furthermore, 

the discovered process model ends with activity ‘participant 2 going to bed’ from the Withings mattress 

of Participant 2. This indicates that in most of the cases in the log the second participant is the one that 

goes last to bed. Further analysis on discovered process models and event log is performed with 

conformance analysis described in Section 6.2. 

 

6.2. Conformance Analysis  
Once, process models are discovered, conformance analysis to the event logs can be applied. The 

technique is used to relate events from the event log with activities in the process model and compare 

them. With the conformance method technique, commonalties and undesirable deviations can be 

discovered. Furthermore, with the conformance analysis, the performance of the process discovery 

algorithm can be measured. The most frequently used conformance analysis techniques in the process 

mining field are token replay, alignment based and comparing footprints. With token replay technique, 

fitting and non-fitting cases are identified by counting the missing, remaining, consumed and produced 

tokens. The alignment based conformance technique is used for defining deviations between discovered 

process model and event log by aligning the model with the log. Finally, comparing footprints 

conformance method is used to identify the dependency relations between events. In the case of the 

Field Labs research, token replay and comparing footprints will be used to perform conformance analysis 

on the discovered behavior. Before applying the conformance analysis techniques, it is good to mention 

that identified deviation can be an indication of either “wrong” model, that does not reflect reality, or 

cases in the event log deviate from the model and need to be repaired.  

Initially, on the obtained process models, token replay technique was applied. The conformance method 

measures the fitness quality metrics (detailed description about the metrics can be found in Chapter 2). 

The conformance technique takes as input a process model and an event log and tries to replay the 

cases from the event log on top of the process model by forcing the transitions to fire (if possible) in an 

indicated order. It is good to mention that according to [8], process models with fitness 80% or more 

should be accepted. However, depending on the goal, one can also try to balance between precision and 

fitness or increase one of the two metrics. Initially, the goal was to obtain process models with high 

precision, in order to avoid the discovery of ‘flower-like’ models. But the aim for high precision led to 

decrease in the fitness dimension and loose of activities describing human behavior performed by 

participants within the households. Hence, discovered process models from the event logs within the 

Field Labs research with fitness threshold of less than 80% were rejected. Discovered models under the 

threshold are assumed to not capture fully reality in the event log. Obtained results for performing the 

token replay technique on the discovered process model of Family 3 can be seen in Table 8.  
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Table 8: Obtained results after performing token replay technique on the discovered process model from 
the event log of Family 3 

 

From the table, it can be seen that 93% of the cases from the log can be replayed on the process model. 

Furthermore, the model captures 66% behavior that is not seen in the event log. With generalization of 

98% the model seems to explain a sample behavior captured in the event log. Simplicity metric cannot 

be seen in the table, but can be simply explained by the number of nodes and arcs in the model. The 

obtained process model, captures behavior in a structured order, hence it can be assumed that the 

model covers the simplicity metric [8]. At the very beginning, the importance of having models with high 

precision was mentioned. However, the discovered model with average fitness of Fitness (L, N) =0.9331 

and average precision of Precision (L, N) = 0.34 from sensor data representing human activity behavior 

does not capture the criteria for high precision. One reason behind the low levels of precision is that in a 

smart-home environment, the frequency of occurrence of activities in the same order is rarely 

happening. Figure 6.5, shows the frequency of occurrence of events in the event log. 

 

Figure 6.5: Frequency of occurrence of events within the event log of Family 3 

 

From Figure 6.5, one can see that the highest occurring activity is ‘participant 1 afternoon activity’ with 

9.69% occurrence. According to [8], another approach to compute precision and generalization is to 

compare footprints between process models and event logs. This can be achieved by analyzing activities 

and compare their behavior with respect to one another. Further in Section 6.2, dependencies and 

relations between activities in the event log and process model will be described with dependency 

matrix. The token replay conformance method was performed with the help of the plug-in ‘Replay a Log 
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on Petri Net for Conformance Analysis’ in ProM 6.8, while the precision of the model was calculated 

within plug-in ‘Measure Precision/Generalization’, also in ProM 6.8.  

From the plug-in ‘Replay a Log on Petri Net for Conformance Analysis’, one can also collect information 

about the frequencies and times of events while replaying the model. The technique uses a matrix of 

causal dependencies that routing probabilities characterize the event log [8]. Dependency matrices are 

considered complete, if and only if, all activities can follow one another at least once in the log [8]. 

Furthermore, in [8], the author states that the frequency between activities in a log can be measured 

between 0 and 1. Activities with frequency closer to 1 are assumed to have strong dependency, while 

activity frequency closer to 0 are assumed to have weak dependency. Such matrix with “following” 

relations between events obtained from the process model and event log from Family 3 can be seen in 

Figure 6.6. From the figure, in a dark red color the most frequent ‘following’ events can be seen, while 

with light yellowish color the less causal related events are presented.  

 

Figure 6.6: Dependency matrix obtained from replaying the model of Family 3 

 

In Figure 6.6, the dependencies are measured between 0 and 100. Values closer to 100 are considered 

as strong dependencies, while values closer to 0 as weak dependencies. From Figure 6.6, the strongest 

dependency equal to 92 is between activities ‘participant 1 morning activity’ and ‘participant 1 

afternoon activity’. The dependency is quite logical, due to the fact that both activities come from the 

Fitbit tracking device of participant 1. The strong dependency shows that the occurrence of afternoon 

activity from the participant in the log is often caused by a morning activity of the participant. Here, an 

assumption is made, that the person might be cycling to work in the morning and cycling back home in 

the afternoon. The assumption can be confirmed with domain knowledge from participants. In recorded 

interview, the assumption was verified by participant 1.  
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6.3. Partial Concept Drift  
As previously mentioned in the beginning of Chapter 6, researchers from the Field Labs research are also 

interested in concept drift in the activity behavior of participants. Mainly, researchers want to find the 

flow behavior of participants throughout days of the week, work days, weekends, months, seasons and 

etc. By doing so, sleep researchers want to analyze how human behavior deviates within different 

periods of time and how that behavior affects the sleep process and quality of sleep of participants. 

Within the obtained event logs at Field Labs, additional day attribute that specifies the day at which an 

event occurred was added. Based on the day feature, two new event logs were created for work days 

and weekends. Then, the event logs were applied to the Inductive visual Miner process discovery 

algorithm, in order to obtain process models describing activity behavior within the household 

environment.  

The comparison of two process models is used to detect concept drift. The term is used in situations 

where the process is changing while being analyzed [8]. For example, in the beginning of an event log 

two activities might be concurrent, whereas later in the log the activities become sequential. In the case 

of the Field Labs research, concept drift in the process models and event logs of Family 3 on working 

days and weekend days will be analyzed to define the different participants’ behavior in the smart-home 

ecosystem.  

In Figure 6.7 and Figure 6.8, two models describing behavior of Family 3 throughout working days and 

weekends, respectively can be seen. The models are obtained with plug-in ‘Mine with Inductive visual 

Miner’ in ProM 6.8 with parameters 1 and 0.8 on the activity slider and the path slider, respectively.  

 

Figure 6.7: Obtained process model describing the activity behavior of participants in Family 3 on work 
days 

   

 

Figure 6.8: Obtained process model describing the activity behavior of participants in Family 3 on 
weekends 

 

On a first look, one can see the different concepts of human behavior within the household of Family 3 

between work days and weekends. To illustrate the different concepts, we would look at the morning 

routines within the household discovered in the two process models. In Figure 6.7, a typical work day 
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within the household starts with a concurrency between activities ‘participant 1 going out of bed’, 

‘participant 2 going out of bed’ and ‘participant 1 morning activity’. This leads to the assumption that on 

work days participants usually go out of bed at similar times. In comparison, from Figure 6.8, the 

weekend days of the household start with activity ‘participant 2 going out of bed’, followed by activities 

‘participant 1 going out of bed’ or ‘preparing morning coffee’ or ‘participant 2 morning activity’. Here, an 

assumption can be made that participant 1 usually goes out of bed first and this could be related with 

sleeping problems. The discovered assumption with process discovery can be further analyzed with the 

help of sleep experts.   

To see how well process models capture behavior from the event logs, conformance analysis with token 

replay and dependency matrix were performed. Results from the token replay technique can be seen in 

Table 9. 

 

Table 9: Obtained results from the token replay technique for Family 3 

 

From the token replay method, obtained average fitness is Fitness (L, N) = 0.9375 and Fitness (L, N) = 

0.9451 for the week event log and for the weekend event log, respectively. The results demonstrate, 

how well the process models capture behavior discovered in the event logs. However, here also the 

average precision is low Precision (L, N) = 0.382 and Precision (L, N) = 0.475 for the week event log and 

for the weekend event log, respectively. As previously stated, the low precision is related to low 

frequency occurrence of events in the event log. Except the token replay conformance technique, 

dependency matrix was also obtain to analyze the frequency and relations between activities in the 

event logs. Dependency matrix from both event logs can be seen in Figure 6.9 and Figure 6.10. From the 

figures, one can see the strongest dependency is between activities captured from the Fitbit sensor 

device. In Figure 6.9, the strongest dependency from the week event log can be seen between activities 

‘participant 1 morning activity’ and ‘participant 1 afternoon activity’. Here, the strength of the 

dependency between activities is equal to 75. It is interesting to observe that the dependency captures 

similar relation seen in the original event log. This is also a verification of the assumption that the 

participant is cycling to work in the morning and back home in the afternoon. However, the same 

relation cannot be seen in the log capturing behavior recorded in the weekend. The dependencies of 

activities during the weekend can be seen in Figure 6.10. 
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Figure 6.9: Dependency matrix obtained from replaying week log on the model of Family 3 

 

 

Figure 6.10: Dependency matrix obtained from replaying weekend log on the model of Family 3 

 

In Figure 6.10, the strongest dependency is between activities ‘participant 1 mid-day activity’ and 

‘participant 1 afternoon activity’. The dependency has a strength value of 32 and shows that the 

occurrence of afternoon activity from the participant in the log is often caused by a mid-day activity of 

the participant. However, no information about the weekend activities of participant is recorded and the 

reasons for the relation have to be identified in future interviews.  
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In Section 6.3, the concept drift in human activities on week and weekend days was discovered with 

process models. Furthermore, relations between activities were described with dependency matrices to 

demonstrate the strength of the causal dependencies between activities. The same technique can be 

applied to discover seasonal, monthly or yearly concept drift of human activity behavior within a smart-

home environment. However, at the moment of writing this Master thesis, the Field Labs research is still 

on-going and data is continuously collected, which makes the yearly and seasonal comparison difficult. 

Once the whole data set is collected, one can further analyze the concept drift in the behavior of 

participants for the mentioned concepts.   
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7. ‘Taking Care of Yourself’ Case Study 
 

In Chapter 4, a methodology of obtaining events from human interaction with sensor devices based on 

time difference feature within the Field Labs research was presented. Later, in Chapter 6, obtained event 

logs from the Field Labs research were analyzed with process discovery and conformance checking 

techniques to discover insights of human activity behavior within the households involved in the 

research. In Chapter 7, we would like to demonstrate the applicability of the methodology described in 

Chapter 4 and Chapter 6 in other researches within Philips Design.  

In Section 7.1, a description of the ‘Taking Care of Yourself’ case study within Philips Design will be 

provided. Then, in Section 7.2, case identification based on time difference feature of the provided data 

set for participant 19 will be performed. Process discovery with Inductive visual Miner on event logs and 

conformance analysis with dependency matrix on the discovered process models and event logs for 

obtaining insights from the case study will be described in Section 7.3. 

 

7.1. Case Study  
In Philips Design, there are many ongoing projects within the Data-enabled design team. One of the 

main focuses in the studies is to understand users’ experience and behavior by gaining insights from 

quantitative and qualitative data, in order to create personalized products [6]. Insights from data are not 

always visible and sometimes might be hidden from the researchers. As mentioned in Chapter 1, 

through data mining and process mining, new insights and behavior from qualitative data can be 

discovered.  

The research people in the project ‘Taking Care of Yourself’ (TCY), are interested in testing the 

importance of having an ecosystems that supports people with their everyday personal care. To do so, 

data from 20 participants (both males and females) in a period of eight weeks was collected. At the very 

beginning of the study, participants were provided with one or multiple Philips healthcare products such 

as Philips Sonicare (electronic toothbrush), VisaPure (facial cleaning brush), Shaver, IPL (hair removal 

device) and Skin Assessor. Furthermore, the products were grouped in three categories, namely oral 

care, hair care and skin care. The support provided by the researchers was given through chat-based 

interactions with an application. The ‘Healthy looks’ application connects data from the Philips products 

and defines interest profiles for each of the participants, based on product usage and interactions with 

the researchers in the chat. Based on collected information, participants are offered with personal care 

programs in one of the three topics of interest. Inside the study, personal programs are named care 

modules and each care module consists of several mini-modules. The number of mini-modules varies 

from 5 to 50, depending on the type of program. Furthermore, inside the ‘Healthy looks’ application, 

there is one main program that guides the user throughout the application, called ‘masterflow’. Based 

on users’ answers in the chat, the ’masterflow’ guides the user from one care module to another. 

Personal programs can be influenced by triggers. The goal of the trigger is to make participant ‘jump’ 

from one program to another. Depending on the reaction to the trigger, participants may indicate 

interest in concrete topic. Researchers from the ‘TCY’ project are mainly interested in defining the 

module triggers that influence the decision of a participant to enter the application and the messages 

the participant open inside the application. To identify the triggers that influence ‘jumps’ in the behavior 
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of participants and visualize the flow inside the app, the discovered methodology from the Field Labs 

will be applied. Main assumption from the methodology is that short time intervals between sent 

triggers and check-ins in the application can be a triggering indication on the decision of the participant 

checking in the application.  

Within the project, data from 20 participants involved in the period of 8 weeks, starting from April until 

ending of June was collected. Collected data in logs consisted of the following elements: a start time 

data point, end timestamp of the event, name of the performed event, type of the event and ID number 

of participant. It is good to mention that data collection and data pre-processing part were applied by a 

fellow TU/e graduate assigned to the project. After data was collected, some pre-processing steps for 

obtaining event logs ‘digestable’ for the process mining algorithms were made.  

 

7.2. Case Identification  
The provided event logs were missing a case identifier. The case identifier groups events into ordered 

sequence that describes a single process instance. Without having events grouped and ordered in an 

instance, no causal dependency can be obtained [8]. The problem in the literature is defined as 

correlation. There are different criteria in which events can be grouped into classifiers. Researchers in 

the project only specified that they are interested in identifying the triggers that ‘triggered’ participants 

to open the ‘Healthy looks’ application. To do so, one can cut the data into segments based on time 

difference attribute and group together events happening within that interval. The assumption with the 

approach is that triggers that fall within a certain time intervals before checking into the mobile 

application could be an indication of a shown interest by the participants to enter the ‘Healthy looks’ 

application. 

Before applying the selected approach, data analysis for better understanding of when triggers were 

sent and when participant opened the application were made. To demonstrate the approach, data from 

participant 19 will be used. Figure 7.1 shows a histogram with times of the day when triggers were sent 

to participant 19 (left side) and times of the day when participant 19 checked-in the ‘Healthy looks’ 

application (right side). In the figure, x-axis represents times of the day triggers are sent (left figure) and 

participant checked in the application (right figure) and y-axis displays how frequently these 

observations occurred. 
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Figure 7.1: Histogram plots for the sent triggers times by researchers and check-in times in the 
application of participant 19 

 

In Figure 7.1, it can be clearly seen the different times of the day participant 19 receives a trigger and 

opens the ‘Healthy looks’ application. From Figure 7.1, triggers are usually sent to the participant around 

midnight (left figure), while participant usually check-ins in the application around midday (right figure). 

From the observation, it would be challenging to define which triggers were opened by participants 

within a time interval.  

After performing data analysis on the starting times of the triggers and check-in module types, it is time 

to present the applied approach for obtaining case identifier from the event log. To do so, a time 

difference attribute from triggers, check-in and check-out module types, was obtained. To define the 

threshold, a simple analysis in the form of a 1-dimensional histogram plot was performed. Visual 

presentation of the plot can be seen in Figure 7.2. In the figure, on the x-axis the sequential time 

differences from the data points are presented, while the y-axis displays the frequency of the difference.  
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Figure 7.2: Histogram plot of the time difference records from the 'Healthy looks' application 

 

Here, as well as in the example of the coffee-machine within the Field Labs research, one needs to be 

careful in selecting a cut-off point. By selecting a too small cut-off value, one will end up with too precise 

cases, where not all of the sent triggers will be captured. On the other hand, by selecting a too large cut-

off value, one will capture too many triggers, which do not indicate a relation with participant opening 

the application. Based on the visual analysis with 1-dimensional histogram plot, a threshold of 500 

seconds (10 minutes) on the time difference attribute of records was selected. In that way, triggers 

captured within that time interval are assumed to be possible indicators of participants interacting with 

the ‘Healthy looks’ application. With the approach, the case identifier within the event log was created. 

An example trace with a captured trigger leading to opening of the application can be seen in Figure 7.3.  
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Figure 7.3: Example of obtained trace from the ‘Healthy looks’ application of Participant 19 

 

In Figure 7.3, it can be seen that a trigger ‘App Explainer 01: conversation expiry’ was sent to the 

participant within the time interval of 500 seconds and the participant opened the application. 

However, it is arguable to say that the trigger was open in the application because messages from the 

trigger are not captured in the log. 

Except case identifiers, attribute length of traces was additionally added to the log. The attribute helps 

to identify the traces where the user did not open the application, but rather single or multiple triggers 

were captured. After performing 1-dimensional histogram analysis on the length attribute, it was 

identified that traces with length less than value of two were full only with triggers. These traces were 

further filtered out from the event log.  

 

7.3. Process Discovery and Conformance Analysis 
Once the event logs were obtained and pre-processed, process discovery with process discovery 

algorithms in ProM 6.8, was performed. Process models for each of the participants were obtained with 

the help of the Inductive visual Miner [27]. The discovered models were discovered with parameter 

settings 1 on the activities slider and 0.8 on the path slider in the plug-in.  
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Figure 7.4: Discovered Petri net model from the Inductive visual Miner for Participant 19 in ProM 6.8 
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In Figure 7.4, a discovered process model for Participant 19 can be seen. From the figure, before event 

‘CHECKIN’, three triggers namely, ‘Manual: If sunny spf reminder’, ‘Shave: 12. If manually by us (Start 

module)’ and ‘Mid-term evaluation: HealthyLooks user report’ were modeled. These triggers can be an 

indication that user showed interest in them and open the application. To check, if the participant open 

the triggers, a dependency matrix was created. In Figure 7.5, the relations between events can be seen.  

 

Figure 7.5: Dependency matrix obtained while replaying the obtained model for Participant 19 

 

The dependency matrix, rejects the assumption that the captured triggers were immediately open in the 

application by the participant. As one can see from the figure, events ‘CHECKIN’, ‘CHECKOUT’ and 

‘Masterflow: multiple chats with welcome’ follow event ‘SHAVE 12: If manually by us (START module)’, 

but none of the other ‘shave’ topics followed the sent trigger event. Furthermore, one can see that 

events from the other ‘shave’ topics happened after events ‘CHECKIN’ and event ‘Masterflow: multiple 

chats with welcome’, which indicates that the participant open the topics in a different application 

entry. The frequency of relations between activities in the graph is quite low in general. This is related 

with the fact that each trigger was sent only ones. Further, researchers can analyze relations between 

events with classification data mining techniques to relate triggers with check-ins in the application.   

It is good to mention that not all discovered models were that simple. For some of the participants 

‘spaghetti-like’ models were discovered. An example of discovered process model from participant 18 

can be seen in Figure 7.6. The ‘spaghetti-like’ are complicated models with many traces and events 

involved. From these types of models no insights can be gained. To deal with that type of models, fuzzy 

mining technique to define different cluster traces was applied. Results from the Fuzzy mining can be 

seen in a snapshot in Figure 7.7. In Figure 7.7, with thicker line the most frequent relations in the 

process model are captured. From the fuzzy mining approach, one can make an assumption that the 

participant showed interest in the topics of ‘skin assessment’ and ‘oral healthcare’. However, the 

assumption can be verified only by the participant.  
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Figure 7.6: Example of discovered 'spaghetti-like' model for Participant 18 with the Inductive visual Miner 
in ProM 6.8 



67 
 

 

Figure 7.7: Part of the discovered model after performing Fuzzy clustering on the discovered 'spaghetti-
model' 

To sum up, Chapter 7 showed the applicability of the discovered methodology from the Field Labs 

research in other case studies. In Section 7.2, triggers indicating interest of participants to enter the 

‘Healthy looks’ application and their grouping in process instances based on time difference feature was 

identified. Discovered process models capturing the behavior of participant 19 before and within the 

application with the help of the Inductive visual Miner was shown in Section 7.3. Later, in Section 7.3, 

ways to analyze the discovered behavior with dependency matrix was presented. From the analysis, it 

was identified that in the case of participant 19, sent triggers from researchers were not an indication 

that the user opened the application. Opening of the triggers by the participant were made in other 

application entries. Furthermore, in Section 7.3, a ways to analyze discovered ‘spaghetti-like’ models 

with the help of fuzzy mining was presented. With the analysis, it was identified that the participant 

showed interest in Skin assessment and Oral health care topics.    
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8. Conclusions and Outlook  
 

This master thesis is mainly focused on generating event logs describing human activity behavior from 

sensor data within a smart-home ecosystem for a data-enabled design research. The format of the data 

aims to help researchers in understanding the behavior of participants’ throughout the day and night, 

and defines reasons that might cause disorders in their sleep quality. Within the data-enabled design 

research, data is logged in continuous time series. The collected data had to be transformed in the form 

event logs to be able to be applied to the process mining algorithms. Furthermore, event logs are 

represented in the form of process models for better understanding, analysis and capturing of new 

insights. During the master project two main research questions for solving the problems were 

formulated:   

1. How to obtain event logs from sensor data within a data-enabled design research?  

2. How to analyze the obtained event logs with process discovery and conformance checking to 

gain insights into human activity behavior within a smart-home environment?  

 

8.1. Contribution of this Thesis 
To solve the previously mentioned research questions, three sequential tasks were performed. The first 

task was to identify event labels from sensor data. The second step was to obtain activity labels and case 

identifiers of the event logs to cover the bare minimum for process mining. Finally, the third task was to 

discover insightful and meaningful process models through the available process discovery algorithms 

and apply conformance analysis to the event logs. Later in the research, it was identified that these 

steps can be repeated at any phase of the project. 

 Identifying event labels 

Often, obtained data from data sources is not in ready-to-use state. Data have to be first pre-

processed to be in a form required for analysis. From the extracted data within the Field Labs 

research, data had issues such as: missing data, outliers and redundant data. Authors of [35], 

state that analyzing data with quality problems can lead to misleading and incorrect results, 

because data cannot be trusted. Once identified, the quality problems were tackled with some 

of the widely used data pre-processing techniques, namely, data cleaning. With MASF and 

Tukey’s box plots, outliers were identified and removed from the event data. Once data was 

cleaned, data was transformed to event logs. 

 

In most of the cases, building event logs from continuous time series event data is not an easy 

task. One of the main challenges within the project was to identify event labels from continuous 

timestamp attributes of sensor devices. A proposed way to identify the events of sensor devices 

that are being in use by participants is to cut the data into segments and perform analysis on the 

obtained segments. To do so, a time interval based on the time difference feature for each 

sensor devices was selected to cut-off data into parts (episodes). Then, additional attributes 

were added to test, if the selected approach captures the “real” start and end times of events, 

namely, length of episode, duration and average usage. The initial assumption was that these 

additional attributes will follow the normal distribution. However, it was identified that the 
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values follow the multimodal distribution, which led to the assumption that participants might 

have different preferences for the device settings. To obtain more precise activity labels, label 

refinement on duration and start times features was applied.   

 

 Label refinement  

Another important challenge was to obtain reliable and descriptive activity labels. Most of the 

times event data contains information about the sensor that performed the event but not the 

performed activity. According to the Seven Process Modeling Guidelines, it is necessary events 

to contain a clear name of performed activity. However, in a smart-home environment, 

sometimes it is difficult to indicate the right performed activity by the user. To solve the task, a 

label refinement method on duration times and start times of events was performed to obtain 

activity labels performed by participants within the smart-home ecosystem. The label 

refinement method was achieved with Gaussian mixture modeling on duration time features 

and von Mises mixture modeling on start time features. Finally, events were grouped into time 

based ordered cases that describe dependencies between captured human activities within the 

household. As a case identifier the day time component was selected.  

 

 Process mining for discovery and analysis of human activity behavior within the Field Labs 

research 

The main objective of the process mining is to discover process models from event logs that can 

be used for analysis of human activity behavior within a smart-home ecosystem. To perform 

process mining, first, obtained event logs were applied to the Inductive visual Miner algorithm 

for process discovery. Once process models describing activity behavior of participants were 

discovered, conformance analysis techniques were performed to find similarities and deviations 

between discovered process models and obtained event log. Initially, conformance in the form 

of token replay was applied. The technique is used to replay traces from the log into the model. 

From the applied conformance method, 93% of the traces could be replayed. The number of 

cases that can be described by the model, is above the threshold of 80% for accepting a process 

model [8]. To define causal relations between activities in the expected (modeled) and the 

actual (event log) behavior, comparing footprints technique was performed. Comparing 

footprints with dependency matrix was performed to identify the causal relations between 

activities in the event log and process model.  

 

 Observations 

From the analysis of the obtained event logs, an unusual observation in Family 3 was seen. 

Some of the events captured in the event log were not related with activities performed by the 

participants. In the event log of Family 3, by performing a ‘helicopter view’ of the event log with 

dotted chart, it was observed that some of the events captured from the connected ‘coffee-

machine’ and ‘television’ to the mFi power outlet, were happening in the morning before 

activities ‘participant 1 going out of bed’ and ‘participant 2 going out of bed’ (Figure 6.2). A 

possible explanation about the unusual activities could be related with a visitor being in the 

household. However, these captured events can be only verified by participants and further 

interviews have to be made, in order to answer the unusual recordings.  
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 Insightful Results  

After performing process discovery and conformance analysis techniques, new insights about 

the smart-home ecosystem of participants were obtained. First insight was obtained from the 

analysis with causal relations in the form of dependency matrix. In the observed example event 

log of Family 3, it was discovered that there is a strong causal relation between activities 

‘participant 1 morning activity’ and ‘participant 1 afternoon activity’. The connection was later 

identified to be related with cycling activity of the participant to work in the morning and back 

home in the afternoon. Second insight from the analysis was the discovery of different coffee-

machine settings and their relation with participants. By performing probability mixture 

modeling clustering on duration features of the connected ‘coffee-machine’ device in Family 3, 

four types of activity labels were obtained, namely ‘preparing short coffee’, ‘preparing medium 

coffee’, ‘preparing long coffee’ and ‘preparing very long coffee’. This led to the assumption that 

different activities can be related with coffee preferences of participants. However, this insight 

can be only verified by participants. 

In conclusion, identifying event labels phase was used to prepare the collected data for event log 

creation and discover events describing human activities. Then, missing start and end times of events 

were identified to obtain event labels. Once obtained, precise activity labels describing the activity 

behavior of participants were discovered with label refinement technique on duration times and start 

times event attributes. The discovered events and activities were grouped in cases based on a day time 

component attribute. Then, the event logs were applied to the Inductive visual Miner process discovery 

algorithm to visualize the activity behavior of participants throughout the day. Similarities, deviation and 

relations between activities were found through conformance analysis techniques, mainly with token 

replay and comparing footprints conformance methods. From the conformance techniques, new 

insights about the behavior of participants were obtained.  

 

8.2. Limitations and Future Work  
The master thesis is an outcome of six months of internship, which of course leaves some space for 

improvements and extensions in the current domain. In Sub-section 8.2.1 and Sub-section 8.2.2 the 

limitations within the project will be described, while what can be further improved by researchers 

within Philips Design will be discussed in Sub-section 8.2.3 and Sub-section 8.2.4. 

 

8.2.1. Size of the Data  
First limitation within the project is related to the size of the data. As mentioned in Chapter 3, data from 

the period end of November until end of March was extracted. However, the extracted data had quality 

issues such as missing values and outliers. The discovered quality issues disturbed the set, which led to 

difficulties in the discovery of activities describing human behavior. Once the quality issues were 

resolved, event logs for each family within the Field Labs research were created. However, within the 

event logs, the frequencies of occurrence of events was very low. The highest occurring activity in the 

event log of Family 3 was coming from the Fitbit devices of participant 1 with 9.69% frequency 

occurrence. Due to the fact that process discovery algorithms are sensitive towards the occurrence 

frequency of sensor events, process models may suffer from the selection of wrong event combinations. 
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The wrong combination of sensor events, may result into misleading human activity observations. In the 

case of the data collected within the Field Labs research, less frequent activities captured in the event 

log were filtered with the process discovery algorithms. While the discovered process models were quite 

descriptive, some important information describing human behavior within the ecosystem might be still 

hidden. For example, in the event log of Family 3, the less frequent activity ‘watching morning tv’ was 

filtered out by the process discovery algorithms. To obtain more descriptive process models, a larger 

collection of data has to be made. Once the collection within the study is complete, researchers at 

Philips Design can perform process discovery to discover new process models which capture more 

frequently occurring activities describing the daily life of participants. Furthermore, the domain of 

sensor devices can be enriched to capture more human activities. Within the ecosystem, four main 

types of data collection sensors were identified, which capture only a fragment of the daily activities of 

participants. However, by installing more sensors in different parts of the households, new insights 

about human behavior within the households can be obtained. For example, if there is a connected 

sensor to the door in the kitchen and a connected sensor to the fridge, researchers can further study the 

nutrition habits of participants during the day. This could also help researchers in making correlation 

between eating habits and sleep quality.   

 

8.2.2. Capturing Accidental Behavior 
Second limitation is related to the notion of capturing accidental behavior. A limitation within the 

obtained event logs is that the logs will always contain outliers in the human behavior. For example, it is 

considered that human behavior changes during holidays, in comparison to normal working days. 

However, one should not confuse the term with the notion of concept drift. Within the notion of 

concept drift human behavior of participants follow certain concepts that can be observed for a long 

period of time. On the other hand, accidental activity behavior of participants can occur only in few 

occasions and it is considered as a behavior different from the typical behavior of participants. Such 

behavior is classified as an outlier. The following example demonstrates the difference between the two 

terms. Imagine that a participant is waking up for work every day at 07:00. The regular waking up times 

of the participant are an indication of a concept behavior. Now imagine that participant woke up one 

hour later on a single Wednesday. The wake up time happened only once and it is an indication of an 

outlier because it does not presents regular switch in the behavior of the participant. Furthermore, 

captured outliers within the event logs can influence the quality of the discovered process models. The 

process discovery algorithms might be able to capture such false behavior and mine meaningless 

process models. To be able to avoid the discovery of meaningless process models, outlier days have to 

be discovered and analyzed separately by researchers. In further studies, researchers can distinguish 

holiday days from the event logs and generate new process models for analyzing human behavior.  

 

8.2.3. Application for Coffee Preparation 
An aspect of future work is related to the possibility of creating an application for making coffee and to 

be used by researchers as an additional data collection tool. From the analysis on the ‘duration’ 

features, different types of coffee-machine clusters were obtained. That led to the assumption that 

duration times can be related with coffee-machine settings preferred by participants. As seen from the 

process discovery step, this assumption can hold, but further verification from participants in the form 
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of interviews have to be made. By applying the data-enabled design approach, researchers at Philips 

Design can move towards personalization and develop an application for participants based on the 

discovered ‘duration’ clusters. The application can include the four types of discovered coffee 

preferences from which participants can choose. Furthermore, with the development of an application, 

researchers can track at what time of the day, what type of coffee a participant is preparing. By doing 

so, researchers can concentrate on collecting data from a new device in the form of mobile application.   

 

8.2.4. Supervised Machine Learning for Activity Recognition within the Field Labs 
Final aspect of improvement is related to the possibility of applying supervised machine learning on 

sensor event data. With the Master thesis, an unsupervised machine learning approach for obtaining 

activity labels was presented. However, one can further try to perform a supervised machine learning 

approach for activity recognition. To be able to apply supervised machine learning, one need to have 

large data set, in order to be able to obtain training and test sets on which to predict. At the moment of 

writing this thesis, the collection of data is still on-going process. Once the collection is completed, 

researchers at Philips Design will have a large set enough to perform supervised machine learning, to 

track daily activities of participants. However, researchers first have to spend enormous time labeling 

the data, in order to make predictions. By the introduced methods in the thesis to perform labeling 

based on a timestamp attribute some of the labeling is already performed and can be used by 

researchers. Researchers can further apply Dynamic Bayesian networks (DBNs), Hidden Markov model 

(HMM) or Conditional Random Field (CRF) on the obtained activity labels to predict activities of 

residents. The algorithms are used to distinguish activities based on duration and noise information 

about the location of the participant. With the supervised algorithms, features such as preceding and 

following events, combination of events with sliding windows size may allow the discovery of more 

information with respect to human activity analysis.  
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