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Abstract. Process mining relies on activity logs to discover process models, 

check their conformance, enhance processes, and recommend the next activity. 

On another side, many environmental factors such as time, location, weather, and 

profile are obtained from many sources, such as sensors, external systems, 

outside actors, or domain knowledge bases, and could also enhance 

recommendations. The existing research mainly focuses on single activity log 

datasets; only a few consider combining various sources. Our main goal is to 

provide better inputs to process discovery and better recommendations. In this 

paper, we focus on the combination of activity logs and sensors data with domain 

ontology as an intermediate step to attaining our goal. We use a case study of 

smart home activities to test this combination.  
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1 Introduction 

An enormous amount of events data and sensor data is being recorded daily whilst the 

propagation of Information and Communication Technologies (ICT) is taking its rise 

worldwide across all domains. Data has become available everywhere, hence, the 

challenge becomes to turn out this data into value to get insight, increase productivity, 

produce better performance, and save costs [1]. 

Process Mining (PM) focuses on the generated activities from business processes that 

can be used as a recommendation technique to direct the user on which next activity to 

follow according to his current activity [2,3]. PM ‘s main objective is to discover, check 

the conformance, and enhance the process models that are based on event logs [1].   

Ontology is an important subject in the domain of IS [4]. Many researchers are using 

ontology to classify domain knowledge [5] such as concepts, all types of entities, and the 

existing relationships between them [6]. Ontology organizes information in a natural, 

logical, and systematic way. Therefore, contextual information can be structured into a 

domain ontology by describing the relationships between the entities of the domain 

ontology and the contextual information.  
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In this paper, we propose an approach that combines events logs with contextual data 

obtained from sensors by using domain ontologies. Nowadays, contextual data can be 

obtained through many techniques and from various sources. We believe that contextual 

data can enrich the event logs by providing insights about users’ behavior. We test and 

illustrate this proposal by applying it to a case study of Smart Home daily living activities. 

We choose this specific case study because this domain is rich in contextual information 

due to the presence of many sensors. Hence, we use the dataset provided by BP-Meets-

IoT 2021 Challenge [7]. This dataset contains an event log of the activities of daily living 

in addition to the sensor's log data. We are focusing on this case study to construct a 

specific domain ontology that identifies the links between the different person’s activities 

and the sensor's data. 

The next section will focus on the related works. Section 3 will present our proposal 

which we illustrate in Section 4. We conclude in Section 5.  

2 Related Works  

PM purposes to enhance, improve, discover, or check the conformance of activity-

oriented process models from event logs [1,2]. Event logs are the main input of 

information for the mining techniques [25].  

However, PM approaches do not usually take into account the context aspect behind 

the recorded user activities. By using various sources of logs, the discovered process 

models can offer better guidance through processes. In [26], a process mining approach 

is suggested in the context of sensor data where sensor data were transformed into event 

logs to be used as input in the PM techniques. A comprehensive review on event logs 

preparation techniques from raw of data was introduced in [27]. In this review, the 

authors describe three steps of data preparation: event data extraction from 

heterogeneous data sources, event correlation, and event abstraction.  

Ontology is now widely used in the Information Systems and Artificial intelligence 

world [6], where many researchers classify concepts, entities, and the relationship 

between different concepts in domain knowledge [5,6]. An ontology-based personalized 

recommender approach to provide a more precise and personalized recommendation was 

presented in [8]. In [9], a combination between the ontology-based recommender system 

and machine learning techniques is used to provide a personalized recommendation for 

students. An ontology-based recommendation approach relying on collaborative filtering 

that achieves a better recommendation in e-Learning systems was presented in [10]. In 

[11], a classification for research papers was done using ontology then they used 

collaborative techniques to recommend to the users interesting papers. In addition, 

activity recognition in Smart Home is a crucial topic to study while working on process 

mining. In [4], the authors proposed a hierarchical ontology to annotate the human activity 

in a home environment for healthcare taking into consideration the social context of the 

activity, the room, and the physical state. [12] developed a knowledge-driven approach 

by creating ontologies for the sensors and the activities for the purpose of activity 

recognition. In addition, in [13], they have developed an ontology for the activities of 

daily living in a smart environment to use as input for a supervised learning technique for 

online activity recognition. Also, an Activity of a Daily Living ontology-based approach 
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was developed in [14,15] for activity recognition in a context-aware smart home 

environment.  

3 Approach to Combine Sensors Data and Event Logs Using 

Domain Ontology 

In our view, we believe that ontologies can help to combine sensors data and activity 

logs. Firstly, all the data acquired from the sensors and all the activities of the events 

log can be semantically interpreted in an ontology specific to the domain. Secondly, all 

the links between the ontology concepts (especially the links between the sensors 

elements and the activities elements) must be defined. For instance, a specific value of 

sensor data can trigger the start, or the end, of an activity.  

To combine sensors data and event logs using domain ontology we have to proceed 

in three steps (see Fig. 1): (1) create the sensor ontology based on the sensors data, (2) 

create the activity ontology based on the events log and (3) refine the domain ontology 

by creating the links between the two preceding ontologies (white arrow on the second 

part of Fig. 1).  

  

Fig. 1. Domain Ontology Construction Approach. 

If the events log and the sensor data are related to existing ontologies, we can proceed 

directly to step 3 to identify the links between them. 

In this work, we focus on step 3 with two main hypotheses: H1: It is possible to 

identify the ontological links between sensors data and activities using the timestamp 

on data and events. H2: It is possible to identify the ontological links between sensors 

data and activities by association rules. 

Timestamps. The timestamp is considered the only attribute that can let us find the 

relationship between the activity event and the sensor. We developed a Python 

algorithm that takes as input the events log and sensor log. The two logs need to be 
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sorted according to the timestamp field. This algorithm is composed of two main steps. 

In the first step, the start and completion of each activity should be identified. Then, the 

timestamp field is used to pivot the events log according to the start and completion of 

each activity. Then in the second step, a join was done between the two logs using the 

timestamp field to create the link between the sensor data and the event data.  

Association rules. Association rule mining is the technique of finding relationships 

between different items. It is commonly used in Market Basket Analysis, where it 

identifies which items are frequently purchased together for marketing purposes. It is 

the process of finding frequent patterns, associations, causal structures, and correlations 

within different datasets existing in different types of databases like transactional 

databases, relational databases, or any other form of databases [16, 17]. The purpose of 

association rule mining is to find the rules that allow us to guess the appearance of a 

specific item after the occurrences of other items in the transaction. It is one of the top 

concepts of machine learning rule-based techniques that discover interesting relations 

between items in big databases by indicating the frequent associations’ rules that are 

composed of an antecedent and consequent [16]. Association rules allow uncovering 

the hidden relationships between the items that are frequently used together. It is 

represented by if-then statements (an antecedent itemset and a consequent itemset). 

Apriori [18] is one of the top standard algorithms for frequent itemset mining and 

association rule learning. In this work, we used Association Rule mining techniques 

since we needed to find rules between the sensors and the activities. To apply the 

Apriori algorithm, first of all, we needed to transform the dataset into a transaction log 

that is supported by the algorithm. We labeled each log by day date and then we 

combined both logs and sorted them according to the day and the timestamp. Then we 

transformed the combined log into a transaction log which is supported by Apriori. In 

addition to the transaction log, Apriori needs as input multiple parameters such as the 

minimum support and minimum confidence. Support indicates how often an itemset is 

frequent in the transactions. Confidence indicates how often the rule (if → then) 

statement is found true.  

We illustrate our proposal through a Smart Home case study in the following section. 

4 Case Study 

The rapid evolution of artificial intelligence endorses the existence of smart homes and 

make it crucial to study this domain. Numerous studies are done on smart home 

[19,20,21,22]. Hence, our case study will be focused on smart home since this field is rich 

in different types of sensors. We need to find the link between the person's activities and 

the sensors to find later how the context can affect the user's intention. Data preprocessing 

includes standard activities aiming at enhancing data quality: cleaning, integration, and 

transformation [23].  

In our experiment, we are using the dataset provided by BP-Meets-IoT 2021 Challenge 

[7]. This dataset consists of two people’s activities logs in addition to the sensor logs 

recorded during 21 consecutive days between 16 March 2020 and 6 April 2020. While 
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studying the dataset, we found 53 activities and 16 sensors. Both logs contained noise 

data; some duplicated records, in addition to some records that don’t represent any type 

of activities or sensors.  We cleaned the dataset from the noise by removing those tuples, 

and we obtained 23166 records in the events log and 39304 records in the sensors log. A 

sample of each of the datasets is shown in Fig.2. Each record in the event logs is identified 

by the Activity Name while each record in the sensor logs is identified by the Sensor 

Name and both logs are categorized by the Timestamp and the Resource Id. 

 

Fig. 2. Event Logs and Sensor Logs Samples. 

There was not any defined domain ontology given with the dataset. Moreover, despite 

previous works already having defined ontologies for the daily activity recognition in 

smart homes [4,12,13,14,15], none of them were matching the data of our dataset. Thus, 

we had to define this domain ontology ourselves. After a deep analysis of the data of the 

sensors and events log, we were able to identify the different parts of the domain ontology. 

To construct our domain ontology - which is specific to our dataset and case study - we 

have defined two main ontologies (Smart home activity ontology – sub-section 4.1 and 

smart home sensor ontology – sub-section 4.2). Their links are detailed in sub-section 4.3. 

To ease the understanding of our work, we propose here only a simplified view of the two 

ontologies where all the links between the concepts are “is-a” relationships. We define 

the more complex associations between the concepts in a specific meta-model (cf. Fig. 

10).  

4.1 Smart Home Activity Ontology 

The Activity ontology (Fig. 3) contains the different types of activities and actions that 

can happen inside a home. 
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Fig. 3. Smart Home Activity Ontology. 

Each activity should be completed by a human inside a fixed location. The Activity 

ontology is divided into groups of activities (see Fig. 3): Bathroom Activity, Clean 

Activity, Work Activity, etc... Each activity group inside the Activity ontology has its 

own instances. As an example, the Kitchen Activity has a set of real-life activities that 

happen inside the kitchen (see Fig. 4). Drink Water, Go Kitchen Shelf, Put Plate to 

Sink, Wash Dishes, etc... are instances of Kitchen Activity group. 

 

Fig. 4. Smart Home Activity Ontology with Details about the Kitchen Activity. 

4.2 Smart Home Sensors Ontology 

Smart Home Sensors Ontology includes three parts: Sensor, Position, and Human 

ontologies. 

The sensor ontology contains all the information related to the sensors such as sensor 

type, value, value range, and location. According to our dataset, we were able to identify 

different types of sensors such as Environment sensors, Kitchen Sensors, etc. In Fig. 5, 

we have presented the high level of the ontology sensor, where the sensors are divided 

into different types and each type contains its related sensors.  

For each location inside the home, there are a set of sensors related to the location such 

as Kitchen Sensor, Bedroom Sensor, and Living Room Sensor. And there are some 

sensors that are common to all the house as the Environment Sensor, Power Sensor, and 

Water Sensor. 
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Fig. 5. Sensor Ontology High Level. 

Fig. 6 shows an example of instances of Kitchen Sensor. Fridge Door Contact Sensor, 

Cooked Food Sensor, Food Sensor, and Unwashed Dishes Sensor are all sensors located 

inside the kitchen. Each sensor works differently according to its type, and it has its own 

range of values [7]. For instance, the Unwashed Dishes sensor is used to count the number 

of unwashed dishes inside the kitchen sink, its value is greater than 0 when there are 

dishes inside the sink to wash, otherwise, it will be 0. While the Fridge Door Contact 

Sensor indicates when the fridge door is opened or closed, so its value is 0 when it is 

closed and 1 once it is opened. The Food Sensor is used as a food counter inside the home, 

so its value is equal to or greater than 0. As for the Cooked Food Sensor, it works the 

same as the Food Sensor, but it counts only the available cooked food inside the home. 

 

Fig. 6. Kitchen Sensor Instances Example. 

Position ontology (Fig. 7) represents the different parts of the home where the activities 

can take place and the sensors are attached. Position ontology is divided into 6 main 

positions categories (see Fig.8): Entrance Position, Exercise Place Position, Bathroom 

Position, Kitchen Position, and Living Room Position. 

Each position category has its own instances that represent the different fixed locations 

inside the home. As an illustration, the Kitchen Position contains the different positions 

inside the conditions such as the dining table, the fridge, the kitchen shelf, and the kitchen 

sink (see Fig. 8). 
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Fig. 7. Position Ontology High Level. 

 

Fig. 8. Kitchen Position Instances Example. 

Then, Human ontology is a needed domain to have to characterize the human profile 

(see Fig. 9). It categorizes the different person types that perform the different activities. 

It can be divided into two main subdomains: the initial home residents (inhabitants) and 

the guests (see Fig. 9). 

 

Fig. 9. Human Ontology High Level. 

 

Fig. 10. Links between the Ontologies. 



9 

4.3 Links between Sensors and Activity Ontologies 

We can identify different relationships between the defined ontologies (see Fig. 10). 

Each human does activities. Sensors affect activities and can be positioned at a specific 

position. Each activity can be followed by one or many activities (that can be done 

sequentially or not). Each activity can happen at a particular position at home and be 

affected by sensors. Each position can be related to sensors and activities. 

 

Fig. 11. Example on the Link between the Different Ontologies’ Domains. 

Fig. 11 illustrates an example of the links between the ontologies. When the human 

‘goal is Washing Dishes then the set of activities that are related to this goal will take 

place inside the kitchen; the inhabitant will go to the kitchen sink, put the plate inside 

the sink and start to wash dishes. In the meantime, the sensor of Unwashed Dishes will 

increase its value according to the plates that are being washed. The Water Use sensor 

will increase its value and the Position sensor will indicate that the human position is 

next to the Kitchen Sink.  

The established relationships were used to test the established hypotheses. As 

presented in Section 3, we had two main hypotheses: it is possible to identify the 

ontological links between sensors data and activities using the timestamp on data and 

events (H1), and it is possible to identify the links by association rules (H2). 

To validate H1, an automatic test was done using Python as a programming 

language. 100836 records were obtained corresponding to 53 different activities and 16 

different sensors. The obtained data was cleaned because it was containing some noise 

data thus the remaining was 99975 records. We obtained 112 correspondences between 
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activities and sensors. We compared the mapping results with the results that we 

obtained manually while analyzing the data and deduced that for each occurred activity 

there is one or multiple sensors triggered. An extraction is given in Table 1 to illustrate 

the obtained links between activities and sensors using the timestamp data (the 

complete list can be found in [24]). In this manner, we were able to validate H1 and 

identify the link between the activities and the sensors while relying only on the 

timestamp.  

Table 1.  Sample of Activity and Sensor Mapping. 

Activity Sensor  

Brush Teeth 
Position Sensor  

Water Use Sensor 

Change Clothes 
Position Sensor  

Pressure Bed Sensor 

Clean 
Position Sensor  

Home Aired Sensor 

Close or Open 

Windows 

Windows Sensor 

Blinds Sensor 

Washes Dishes  

Unwashed Dishes Sensor 

Position Sensor 

Water Use Sensor 

Eat Cold Meal Food Sensor 

Get Food from 

Fridge 

Fridge Door Contact Sensor 

Position Sensor 

 

To validate H2, a second test was done using Association Rules by applying the Apriori 

algorithm [18] on the dataset selecting only the logs that are relevant to one person. 

After combining the logs, we obtained 410 transaction records. We did three 

experiments. We set the confidence value to 80% in all the experiments to get strong 

rules. The minimum support value is set through the process of trial and error. In the 

first experiment, we set the value of minimum support to 0.15 and we obtained 56 rules. 

In the second experiment, we set the minimum support value to 0.05 and we obtained 

8565 rules. And in the third experiment, we set a small value of minimum support equal 

to 0.03 and we obtained 34623 rules. We analyzed the generated rules manually and 

found that the result of the second experiment is more realistic due to the value of the 

minimum support and the confidence. In Table 2, we present a small extraction of the 

obtained rules [24] with the corresponding confidence degrees for each rule.  

Thus, despite the limitation of Apriori to perform well when the itemset is large, we 

were able to generate rules that associate activities with sensors and validate H2. 

On the whole, this experiment has validated the existing relationship between the 

sensors and the activities. We were able to automatically find the rules that we have 

found before manually while analyzing the dataset. For an instance, when a person goes 

to the kitchen next to the shelf; the position sensor will locate his position accordingly, 

so the next activity will be to get a glass then move to the sink where the ‘water use’ 

sensor will directly reflect the water consumption while filling the glass with water. 

And after drinking water, the ‘unwashed dishes’ sensor will increment its value. 
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Table 2.  Sample of the obtained rules. 

Rule Confidence  

{eat_cold_meal_go_kitchen_shelf, go_fridge, 
fridge_door_contact_sensor} → {position_fridge_sensor, 

food_sensor, get_food_from_fridge} 

0.92 

{position_kitchen_sink _sensor, water_use _sensor} → 

{drink_water } 
0.92 

{go_computer_chair, go_computer, 

position_computer_chair_sensor }→ { switch_computer_on, 
power_use_sensor} 

0.83 

 

5 Conclusion 

This research paper describes an approach to constructing domain ontologies using 

sensors data and events logs. Sensor, Position, Human, and Activity are the ontologies 

that were defined. Our main objective in this work was to find relations between sensors 

and activities. We were able to identify and validate the link between sensor data and 

activities, based on a Smart Home case study. However, the limited amount of data 

prevented us to find more interesting links between activities and sensors. 

A future experiment on a larger dataset will provide us with a more complete set of 

links Then, we will continue our main research proposal by using these ontologies as 

input to build process models by precising the links between sensors and activities in 

order to identify which data can trigger an activity. Our main goal is to be able to make 

recommendations to users on the fly, following these contextual data and the event logs. 
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