
People’s Democratic Republic of Algeria 

Ministry of Higher Education and Scientific Research 
Mohamed El Bachir El Ibrahimi University of Borj Bou Arréridj  

Faculty of Mathematics and Computer Science 
Department of Computer Science 

 

 
 

THESIS 
In order to obtain the Doctorate degree in LMD (3rd cycle) 

 Branch: Computer Science 
 Option : Ingénierie de l’informatique décisionnel 
 
 

THEME 
Cognitive Psychology in Service of the 

Machine: Towards the Study of the Human 
Cognition 

By: AGTI Nadia 

 
 
Publicly defended on: 24/09/2025 

 
In front of the jury composed of: 
Pr. Behloul Ali University of Batna2                   President 
Dr. Sabri Lyazid University of BBA                  Supervisor 
Pr. Kazar Okba University of Kalba, UAE.                  Co-Supervisor 
Pr.Bouziane Abderraouf University of BBA                  Examiner  
Pr.Seghir Rachid University of Batna2                  Examiner  
Pr. Nouioua Farid  University of BBA                                                                                                                                                                                                         Examiner 
Pr.Akhrouf Samir University of M’sila                                                                                                                                                                                                      Examiner 
 

 
 
 

2024/2025 



i

Abstract

The cognitive space plays an important role in structuring an action and the possible actions

to be executed; therefore, actions are not only governed by a dynamic perception of knowledge

but also by previously acquired knowledge. The neurophysiologist Alain Berthoz sees the brain

as “a simulator of action and an emulator of reality.” He believes that it is through action—and

not language—that we construct our perception of the world. The goal here is to integrate

knowledge about actions/events from memory or past experiences and combine it with infor-

mation perceived from the environment. The complexity of the problem increases when we take

into account the unpredictable nature of human behavior.

Today, technological breakthroughs are attempting to enable direct communication between

machines and the human brain, with the aim of performing actions through thought. The

question now is whether it is possible to understand the physical or mental state that led a

person to: 1) undertake actions they should have avoided, or conversely, 2) be encouraged to

carry out actions they had previously abandoned.

We are interested in these theories in order to reproduce a person’s psychological state, with

the aim of understanding and explaining the reasons behind the two points above. This is done

by relying on semantic interdependencies and the properties of actions carried out in the past

or present.

Keywords: Artificial Intelligence, Semantics, Spatio-temporal Reasoning, Behavior Recogni-

tion, Cognitive Psychology Theory.



Résumé

L’espace cognitif joue un rôle important pour structurer une action et les possibilités d’action

à exécuter ; de ce fait, les actions n’obéissent pas uniquement à une perception dynamique des

connaissances mais plutôt aussi à des connaissances acquises aux préalables. Le neurophysiolo-

giste Alain Berthoz, voit le cerveau comme un simulateur d’action et un émulateur de la réalité.

Il considère qu’à partir de l’action, et non du langage, que nous construisons notre perception

du monde. Il s’agit ici d’intégrer des connaissances sur des actions/évènements à partir de la

mémoire ou du vécu et les intégrées avec les informations perçues de l’environnement. La com-

plexité du problème s’accroit lors de la prise en compte le caractère imprévisible de l’humain.

Aujourd’hui des prouesses technologiques tentent de faire communiquer une machine directe-

ment avec le cerveau humain en vue de réaliser des actions via la pensée. La question maintenant

est de savoir si on pourrait comprendre l’état physique ou mental ayant conduit l’humain à 1)

entreprendre des actions qu’il devrait éviter, ou au contraire 2) l’inciter à exécuter des actions

qu’il a abandonnées. Nous nous intéressons à ces théories pour tenter de reproduire l’état psy-

chologique d’un humain en vue de comprendre et d’expliquer la(les) raison(s) expliciter par les

deux points ci-dessus en s’appuyant sur des interdépendances sémantiques et des propriétés des

actions produites dans le passé/présent.

Mots-clés : Intelligence artificielle, sémantique, raisonnement spatio-temporel, reconnaissance

de comportement, théorie de la psychologie cognitive.
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Chapter 1

General Introduction

1.1 Research Motivation and Problem Statement

Over the past decade, intelligent technologies have become increasingly embedded in our daily

lives. From smart homes to wearable health monitors, these systems have evolved from passively

collecting data to actively interacting with, assisting, and adapting to users. A key element

driving this transformation is Human Activity Recognition (HAR), which focuses on detecting

patterns in human behavior through sensor data.

Current HAR systems are generally effective at recognizing what a person is doing—such as

walking, cooking, or sleeping. However, they often stop there. They rarely address the more

complex and crucial question of why a person engages in a certain activity. Yet in many real-

world applications, particularly in healthcare, assisted living, and mental health, the underlying

motivation behind a behavior is just as important as the behavior itself. For instance, a per-

son repeatedly entering the kitchen at night may be driven by habit, emotional distress, or

cognitive confusion. While the action appears identical on the surface, the appropriate system

response—whether reassurance, intervention, or monitoring—depends entirely on the context

and motivation. Without this layer of interpretation, HAR systems risk misclassifying behav-

iors, missing critical cues, or losing user trust.

To advance from simple recognition toward genuine understanding, this research draws from

cognitive psychology, particularly theories of intrinsic motivation, extrinsic motivation, and

amotivation. These concepts explain how internal and external factors influence human behav-

ior. For example, intrinsic motivation reflects the desire to engage in an activity for its own

sake, while extrinsic motivation is driven by external rewards or pressures. Amotivation, by

contrast, refers to a lack of intent, often observed in older adults or individuals with cognitive

disorders.

1
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Incorporating such theories into HAR provides new insight into the intentions, decision-making

processes, and contextual factors that underlie human actions. By combining this with semantic

reasoning and temporal modeling of behaviors, we aim to infer not only what someone is doing,

but also why they are doing it—or failing to act. This capability is vital in adaptive human-

computer interaction, assistive technologies, and mental health support, where recognizing the

user’s psychological state is as important as identifying their physical actions.

This research is guided by the vision of building intelligent systems that simulate human-like

understanding. Inspired by neurophysiologist Alain Berthoz—who describes the brain as “a

simulator of action and an emulator of reality”—this thesis seeks not only to recognize human

actions but also to model the motivational and cognitive processes that drive them. By inte-

grating artificial intelligence, semantic ontologies, and cognitive theory, we aim to develop a

more human-centered and interpretable HAR framework.

The core limitation here is that most systems are not equipped to interpret the cognitive or

emotional drivers behind behavior. They can detect physical movement, but often miss the

deeper story. For example, two individuals sitting still may be in vastly different states—one

is relaxing, while the other may be experiencing confusion, sadness, or amotivation. Treating

both cases equally can result in delayed care or safety risks.

Cognitive psychology teaches us that actions are shaped by internal factors such as memory,

goals, emotions, and motivation. The field differentiates between intrinsic, extrinsic, and amo-

tivated behaviors—distinctions that are critical in domains like mental health or aging, where

changes in motivation often precede observable behavioral changes.

Yet, most existing HAR systems lack mechanisms to model these distinctions. They typically

classify actions based on sensor inputs, without considering temporal patterns, user context (e.g.,

age, cognitive status), or environmental variables. These factors are essential for interpreting

human behavior in a nuanced and meaningful way.

This thesis responds to this gap by proposing a hybrid, psychologically informed framework

that blends data-driven recognition with semantic and cognitive reasoning. By grounding HAR

in motivational theory, temporal logic, and user-aware ontologies, we aim to build systems that

not only detect behavior but understand it to deliver responses that are adaptive, informed,

and aligned with human needs.

1.2 Research Objectives and Methodology Overview

To address the issues outlined above, we propose an interdisciplinary framework that combines

semantic knowledge, fine-grained action recognition, and cognitive modeling to reproduce and
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interpret psychological states through human actions.

Our methodology proceeds in three main phases:

• Ontological Modeling: We examine existing ontologies in cognitive psychology, such

as OntoCogMémo [2], as well as multilayer structures proposed in [3, 4], to formalize

key concepts related to memory, self-regulation, and motivation. This results in a robust

semantic foundation for reasoning about human behavior.

• Spatiotemporal Action Analysis: We apply fine-grained activity recognition tech-

niques to analyze the temporal and contextual relationships between actions, enabling us

to detect inconsistencies, disruptions, or abnormal transitions that may indicate underly-

ing cognitive or motivational states.

• Hybrid Reasoning and Inference: In the final phase, we combine data-driven deep

learning models with logical reasoning methods, to infer human behavior. This hybrid

approach allows us to consider not only observed data but also the broader context in

which actions take place.

Together, these phases contribute to a holistic understanding of human activity, supporting

applications in personalized coaching, neurological rehabilitation, cognitive monitoring, and

support for vulnerable populations.

1.3 Thesis Contributions

This thesis makes several original contributions that advance the state of the art in Human

Activity Recognition (HAR) by integrating deep learning, semantic reasoning, and cognitive

modeling:

• A novel hybrid deep learning model: We propose an effective architecture that

combines Convolutional Neural Networks (CNN) with Multi-Layer Perceptrons (MLP) to

enhance the recognition of complex human activities from sensor data.

• A stream reasoning approach for medication risk detection: Using the LARS

(Logic-based framework for Analytic Reasoning over Streams) framework, we develop a

method for continuous reasoning over human behavior to detect patterns associated with

medication adherence risks in real time.

• An ontological querying framework for cognitive activity recognition: We design

a system that leverages cognitive psychology theories and ontological modeling to query

and interpret human activities from a cognitive perspective.
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• Modeling Human Cognition in Smart Environments: We introduced a hybrid deep

learning and ontology-based framework to infer the motivations behind human activities.

By combining sensor data with cognitive concepts like goals and intentions, the system

moves beyond activity recognition to explain why actions occur.

Together, these contributions aim to bridge the gap between low-level data-driven approaches

and high-level cognitive understanding, enabling a more holistic and interpretable model of

human activity in intelligent systems.

1.4 Thesis Outline

The structure of this thesis is organized to progressively build an understanding of the theoret-

ical background, methodological developments, and experimental evaluations related to human

activity recognition from a cognitive perspective. The content of each chapter is outlined as

follows:

• Chapter 2 presents the theoretical foundations of Human Activity Recognition (HAR)

and Cognitive Psychology. It includes an in-depth review of activity classification tech-

niques, cognitive processes, and how these domains intersect in understanding human be-

havior. In addition, this chapter investigates the state of the art in deep learning models

and ontological systems relevant to HAR. It critically examines their respective strengths

and limitations and highlights opportunities for hybrid integration.

• Chapter 3 details the core contributions of this thesis, the development of the proposed

hybrid framework, and the reasoning mechanisms employed for cognitive-aware activity

recognition.

• Chapter 4 discusses the practical implementation of the proposed approaches. It de-

scribes the datasets used, the experimental setup, evaluation metrics, and the results

obtained from comprehensive performance assessments.

• Chapter 5 concludes the thesis by summarizing the key findings, discussing the implica-

tions of the results, and proposing directions for future research and applications.



Chapter 2

Foundations and State of the Art in

Human Activity Recognition and

Cognitive Psychology

2.1 Introduction

Human activity recognition (HAR) has become one of the most critical research issues. Its

importance has been highlighted in various intelligent and distributed surveillance and moni-

toring systems, Ambient Assisted Living (AAL), well-being management, elderly care, medical

diagnosis, and pervasive computing. These fields have witnessed significant development such

as the availability of sensors and accelerometers, live data streaming, and particularly the recent

advancement in computer vision, machine learning, Artificial Intelligence (AI) and the Internet

Of Things (IoT) [5].

HAR is the process of discovering human activity through analysing raw time series data from

various categories of sensors embedded in wearable devices or other sensing platforms. Human

activity recognition provides a detailed understanding of how humans perform different physical

activities in their daily lives, such as walking, running, sitting, standing, and even more complex

activities like cooking or cleaning.

Based on how they utilize and combine prior knowledge and data for modelling and recog-

nition purposes, the methods of human activity recognition are classified into i) Data-driven

approaches that learn an activity model from the existing data of the user’s actions using ma-

chine learning and deep learning techniques [6], ii) Knowledge-driven approaches that perform

5
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activity recognition through the reliance on logical reasoning and taking advantage of knowl-

edge and sensor data modelling [7] and iii) hybrid approaches that combine both of the previous

methods to perform a task.

Knowledge-driven methodologies rely on the incorporation of predefined domain knowledge to

establish a semantic representation of human activity, often through the application of struc-

tured knowledge modeling techniques. Subsequently, this semantic framework is used to perform

inference over the data acquired from various sensor inputs [8]. In contrast, data-driven strate-

gies employ computational techniques such as data mining, machine learning, and deep learning

to construct activity models directly from collected datasets [9]. These models frequently use

probabilistic or statistical mechanisms for reasoning [10]. Typically, machine learning algorithms

are trained using extensive and diverse datasets, where performance is optimized by aligning

new sensor observations with previously learned activity templates. During testing, the system

attempts to recognize actions by comparing incoming sensor data against these trained models.

Nonetheless, such methods often encounter the ”Cold-Start” issue, as they depend heavily on

the availability of substantial training data [11]. Moreover, these models frequently lack robust-

ness when deployed in unfamiliar environments, since they tend to be highly specialized to the

training context and user [12].

On the other hand, knowledge-driven strategies offer mechanisms for encoding domain knowl-

edge and leveraging logical reasoning to infer human activities [13]. This reasoning process

may utilize various artificial intelligence approaches such as case-based reasoning, ontologi-

cal reasoning, or rule-based inference systems [14]. Despite their strengths in interpretability,

these approaches often struggle with issues such as limited generalizability, difficulties in seg-

menting continuous real-time sensor streams, scalability challenges, and high computational

demands [15]. Figure 2.1 depicts the overall pipeline for sensor-based human activity recogni-

tion, highlighting the three principal methodological paradigms used to perform the recognition

task.

This chapter explores the essential concepts behind Human Activity Recognition and cogni-

tive psychology, with a particular emphasis on where these two fields converge. It begins by

outlining the core aspects of HAR, its scope, types of activities, sensor technologies, and key

challenges. The discussion then moves through various recognition approaches, including data-

driven, knowledge-based, and hybrid methods, supported by commonly used datasets. The

chapter concludes by examining how cognitive principles and ontological modeling can deepen

our understanding of human activities, setting the stage for the hybrid framework introduced

in this thesis.
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Sensor Data Input(Wearables, Ambient Sensors)

Data Preprocessing(Cleaning, Segmentation, Normalization)

Data-Driven Knowledge-DrivenHybrid Approach

Feature Extraction(Statistical, Temporal, Spatial)

ML/DL Models(CNN, RNN, SVM, etc.)

Inference(Activity Prediction from Features)

Ontology Modeling(Domain Concepts, Relationships)

Rule Definition(Semantic & Temporal Rules)

Reasoning Engine(Logic-Based Inference)

Hybrid Fusion(Combining Data & Knowledge Outputs)

Hybrid Inference(Final Decision Layer)

Activity Recognition Output(e.g., Walking, Cooking, Sleeping)
Model Update Rule Refinement

Figure 2.1: Illustration of the human activity recognition framework combining three ap-
proaches: data-driven, knowledge-driven, and a hybrid approach that fuses both outputs for

improved decision-making.

2.2 Human Activity Recognition: An Overview

This section provides a comprehensive overview of Human Activity Recognition, covering its

definition, types of activities, commonly used sensor modalities, and key challenges along with

future research directions.

2.2.1 Definition and Scope

HAR refers to the interdisciplinary field that focuses on the automatic identification and classi-

fication of human behaviors or actions through data collected from various sensing modalities.

These data sources include wearable devices (e.g., smartphones, smartwatches), ambient or envi-

ronmental sensors (e.g., motion detectors, temperature sensors), and vision-based systems (e.g.,

video cameras, depth sensors). The activities detected can range from simple motor actions such

as walking, sitting, or turning—to more complex and abstract routines like cooking, cleaning,

or managing medication intake.

The scope of HAR extends across a wide array of applications including health monitoring,

elderly care, ambient assisted living (AAL), sports analytics, smart homes, and human-computer

interaction. The primary objective is to develop systems capable of not only detecting what

activity is occurring but also understanding the context, purpose, and possible implications of
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that activity. This involves challenges such as recognizing subtle behavioral cues, handling noisy

or incomplete data, and adapting to diverse environments or individual user patterns.

2.2.2 Types of Activities

Human activities can generally be classified based on their timing and structure:

• Atomic (or simple) activities: These are short, clearly defined actions that typically

occur on their own—such as standing, walking, sitting, or opening a door. They represent

the basic building blocks of more complex behaviors [16, 17].

• Composite (or complex) activities: These consist of sequences or combinations of

atomic actions that together form a more involved task. For example, the activity of

“cooking dinner” may include chopping vegetables, boiling water, stirring ingredients,

and serving the meal. Recognizing such activities requires understanding the order and

relationship between individual steps, often through hierarchical modeling [18, 19].

• Concurrent activities: These refer to actions that take place simultaneously or overlap

in time, such as walking while talking on the phone or checking the oven while setting the

table. Identifying concurrent activities is particularly challenging, especially when dealing

with sensor fusion and real-time data processing [16, 18].

In the rest of this thesis, we use the term HAR to refer to sensor-based human activity recog-

nition.

2.2.3 Sensor Modalities in HAR

The accuracy and reliability of HAR systems depend heavily on the types of sensors used for

collecting data. These sensors differ in where they are placed, the level of detail they provide,

and the kind of information they capture:

• Wearable sensors: Commonly embedded in devices like smartphones, smartwatches, or

fitness trackers, these include accelerometers, gyroscopes, magnetometers, and heart rate

monitors. They are well-suited for capturing body movements and physiological signals,

but their effectiveness can vary depending on how and where the user wears the device.

• Ambient sensors: Positioned within the environment, ambient sensors detect changes in

surroundings and interactions with physical spaces or objects. Examples include passive

infrared (PIR) motion detectors, pressure mats, temperature and humidity sensors, light
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switches, and door contacts. These sensors are especially valuable in smart home and

assisted living environments, offering unobtrusive and continuous monitoring.

• Vision-based sensors: Devices such as cameras and depth sensors (e.g., Microsoft

Kinect) allow for the visual analysis of human posture, gestures, and activities using

images or video. While they provide rich contextual information, their use raises privacy

concerns and often demands significant computational resources for real-time processing.

Table 2.2 summarizes some of the most commonly used sensors in the literature for recognizing

human activities.

2.2.4 Open Challenges and Future Research Directions

Despite significant advances in sensor-based HAR, several open challenges remain. These chal-

lenges not only hinder the deployment of robust HAR systems in real-world settings but also

define key areas for future research:

1. Scarcity of Labeled Data: High-quality labeled datasets are crucial for training super-

vised learning models. However, the collection and annotation of sensor data are labor-

intensive, time-consuming, and often application-specific. This issue—widely recognized

as annotation scarcity—has motivated research into self-supervised learning, unsupervised

domain adaptation, and synthetic data generation [20–22].

2. Class Imbalance: In real-world datasets, some activities—especially rare or emergency-

related ones—are severely underrepresented. This imbalance negatively impacts model

generalization, especially for minority classes. Techniques such as re-sampling, cost-

sensitive learning, and ensemble models are commonly used to address this issue [23–26].

3. Complex and Hierarchical Activity Modeling: Many daily activities are composite

in nature, consisting of temporally dependent sequences of atomic actions. Recognizing

such structured patterns requires sophisticated data segmentation techniques, temporal

modeling, and often hierarchical representations [15, 27–29].

4. Robust Feature Extraction: Differentiating between activities that exhibit similar

sensor patterns—such as walking vs. running—remains challenging. Feature extraction

methods must be sensitive to fine-grained variations while being invariant to irrelevant

noise. Recent efforts have explored temporal [27], multimodal [30], and statistical features

[29] to improve discriminative performance.

5. Recognition of Novel and Unexpected Activities: HAR systems often fail to rec-

ognize activities that were not part of the training data, such as unexpected falls or
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anomalous behavior. Addressing the distribution shift between training and testing sce-

narios requires few-shot learning, continual learning, and open-set recognition techniques

[31–33].

6. Concurrent and Multi-User Activities: In multi-person environments, individuals

often engage in concurrent or interleaved activities. Recognizing overlapping actions (e.g.,

walking while talking on the phone) or distinguishing among multiple users in shared

spaces (e.g., smart homes) increases the complexity of recognition models [34, 35]. Per-

sonalization and context-awareness are essential in such settings.

7. Real-Time and Online Recognition: Many HAR applications, such as fall detec-

tion or activity-based reminders, require real-time response and low-latency inference on

resource-constrained devices. Online learning approaches that process streaming data

incrementally, while managing concept drift, are increasingly important for practical de-

ployments [36, 37].

8. Security and Privacy: HAR systems often handle sensitive user information. En-

suring data confidentiality, secure sensor communication, and user anonymity is critical,

particularly in ambient intelligence and health-related applications. Privacy-preserving

techniques such as federated learning and differential privacy are gaining traction [38, 39].

9. Noisy and Incomplete Data: Sensor readings are often noisy, missing, or affected

by environmental factors. Models must be robust to such imperfections and capable of

distinguishing signal from noise. Attention-based mechanisms and robust statistics have

shown promise in mitigating these issues [40].

10. Adaptive Data Segmentation: Traditional segmentation approaches—such as fixed or

sliding windows—may be suboptimal, particularly for activities with irregular durations.

Knowledge-driven or semantic segmentation approaches offer more adaptive solutions that

align better with natural activity boundaries [41–44].

11. Intention and Early Activity Recognition: Recognizing user intention or anticipating

upcoming activities based on initial cues and context is an emerging research direction.

Such anticipatory systems can proactively assist users and enhance safety. Integrating

commonsense reasoning and knowledge graphs can improve early prediction performance

[45].

12. Sensor Fusion and Management: Combining data from heterogeneous sensors—wearables,

ambient devices, cameras—offers richer context but introduces challenges in synchroniza-

tion, calibration, and data alignment. Effective sensor fusion requires context-aware mod-

eling and ontology-driven frameworks [30, 46].
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Figure 2.2: An overview of the key challenges in human activity recognition, categorized into
model-related, data-related, system-related, and ethical/societal domains.

13. Generalization, Overfitting, and Efficiency: Striking a balance between accuracy,

computational efficiency, and model generalizability remains a core concern. Overfit-

ting on user-specific patterns or specific environments can hinder real-world applicability.

Lightweight architectures and cross-domain adaptation techniques are active research ar-

eas [47, 48].

Future research in HAR should emphasize adaptive, context-aware, and personalized models

that can learn continuously from streaming data, generalize across diverse populations, and

respect user privacy. The integration of symbolic reasoning with deep learning, zero-shot activity

recognition, and human-in-the-loop systems represent promising directions to further advance

the state of the art. Figure 2.2 summarizes the challenges of HAR ctegorized to: model-related,

data-related, system-related, and ethical/societal domains.

2.3 State of the Art in Sensor-Based Human Activity Recogni-

tion

In this section, we present a comprehensive survey of the current methods and approaches used

in sensor-based HAR, including commonly used datasets, data-driven approaches, semantic-

based techniques, and hybrid frameworks.
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2.3.1 Datasets

Human Activity Recognition (HAR) research depends heavily on the availability and quality

of datasets collected through various sensing modalities. These datasets differ across several

dimensions, including sensor types, sampling rates, types of activities, diversity of participants,

and the environments in which the data were collected. Most studies focus on sensor-based

datasets due to concerns around privacy and the high computational demands of video process-

ing.

Among the most widely used sources are datasets hosted by the UCI Machine Learning Repos-

itory [49], valued for their accessibility, standardization, and suitability for benchmarking.

Smartphone-based datasets, such as UCI HAR[50] and WISDM [51], are particularly popular

due to the ubiquity of mobile phones equipped with built-in sensors. These datasets typically

capture simple activities like walking, standing, and sitting, and often include a relatively large

number of participants. However, they generally assume a fixed device position (e.g., in a

pocket) and are limited to short-duration, atomic actions, which can restrict their applicability

in real-world, dynamic settings.

To overcome these limitations, wearable sensor datasets such as PAMAP2 [52], MHEALTH [53],

Skoda[54], and HHAR[55] incorporate multiple sensors placed on various parts of the body.

For instance, PAMAP2 includes heart rate monitoring; MHEALTH integrates ECG and mag-

netometer data; Skoda captures data from 30 accelerometers worn by a factory worker; and

HHAR combines readings from smartphones and smartwatches across nine participants. These

datasets offer richer, multimodal representations of activity, though their generalizability may

vary depending on participant diversity and recording conditions.

Hybrid datasets, such as Opportunity [56] combine wearable, ambient, and location-aware sensors

to enable context-aware activity recognition. Opportunity captures activities within a smart

environment using inertial sensors and RFID tags, whereas RealWorld HAR collects data in

more naturalistic, unconstrained settings. Although these datasets better reflect real-world

complexity, they also introduce new challenges, such as positional noise and increased variability.

Ambient sensor datasets—including CASAS Aruba[57] and MIT PlaceLab[58] shift the focus

from motion to environmental context. These datasets rely on event-based sensors like motion

detectors, pressure mats, and light switches to infer activities through sequences of environmen-

tal events. Such datasets are especially relevant for applications in smart homes and elder care,

and typically require models capable of capturing temporal dependencies and handling sparse,

asynchronous data.
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Another important consideration is sampling frequency. High-frequency datasets such as PAMAP2

and Skoda provide fine-grained motion data, which is useful for capturing subtle physical pat-

terns. Others, like WISDM, operate at lower frequencies, while event-driven datasets like

CASAS Aruba rely on discrete sensor activations rather than continuous data streams—requiring

models to handle irregular temporal patterns.

Finally, subject diversity plays a crucial role in model generalizability. Datasets like UCI HAR

and RealWorld HAR include data from many users, supporting the development of robust,

generalizable models. In contrast, datasets such as Skoda and CASAS Aruba involve data

from a single individual, which may benefit personalized modeling but also increase the risk of

overfitting to a specific user or setting.

Several specialized datasets have been developed to support research in niche application do-

mains. For example, the Daphnet FoG dataset focuses on freezing of gait episodes in patients

with Parkinson’s disease, while the Nursing Activity dataset captures daily tasks performed

by medical staff in hospital environments. In the field of sports analytics, Swimmaster pro-

vides sensor data for analyzing swimming movements. Additionally, behavioral datasets such

as HASC2010 and HASC2012 [59] offer detailed recordings of daily activities collected via wear-

able devices, making them valuable for general-purpose HAR tasks.

HAR datasets span a wide spectrum—from readily accessible, smartphone-based collections

to complex, multimodal datasets designed for context-rich environments. The selection of an

appropriate dataset should align with the specific objectives of the research, whether the focus is

on general activity recognition, health monitoring, assistive living, or context-aware automation.

Table 2.1 presents a summary of the major datasets discussed in this study, highlighting the

diversity in sensor configurations, activity complexity, and target application domains available

to researchers in the field.
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Table 2.1: Comprehensive Overview of Publicly Available Datasets Commonly Used in Sensor-Based HAR

Dataset Source Sensors Instances Activities Subjects Application
Context

Data
Format

Notable Fea-
tures

HAR [50] Accelerometer,
Gyroscope

10,299 6 30 Daily living ac-
tivities

Time se-
ries

One of the
most widely
used datasets.

WISDM [51] Accelerometer 1,098,209 6 51 Mobile activ-
ity recognition

Time se-
ries

Collected
using smart-
phones.

PAMAP2 [52] Accelerometer,
Gyroscope,
Heart Rate
Monitor

3,850,505 18 9 Physical activ-
ity monitoring

Time se-
ries

Multi-sensor
dataset with
comprehensive
activities.

OPPORTUNITY[60] Accelerometer,
Gyroscope,
Magnetome-
ter, ambient,
and Location
tracking

1,164,867 18 4 Real-world ac-
tivity recogni-
tion

Time se-
ries

Rich contex-
tual informa-
tion; multiple
sensor modali-
ties.

Aruba [61] Motion, Tem-
perature

1,034 11 4 Smart home
activity recog-
nition

Time se-
ries

Focus on
smart envi-
ronments and
daily living.

Milan [57] Various sen-
sors (smart-
phone, wear-
able)

2 million 10 20 Smart environ-
ment monitor-
ing

Mixed Utilizes both
smartphones
and wearables
for data collec-
tion.

MHEALTH [53] Accelerometer,
Gyroscope,
Heart Rate
Monitor

120 12 10 Health-related
activity recog-
nition

Time se-
ries

Focus on
health mon-
itoring with
real-time data.

ADLs [62] Wearable sen-
sors

2,747 2 2 Daily Living
Activities

Mixed Focuses on
common activ-
ities performed
by individuals.

HAPT [63] Accelerometer,
Gyroscope

10,000 12 30 Daily living ac-
tivities

Time se-
ries

Data collected
in real-world
conditions.
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Table 2.2: Overview of sensor modalities commonly employed in HAR systems, including
examples, strengths, limitations, and typical application areas. This comparison aids in evalu-

ating suitable sensors for various recognition tasks.

Sensor

Type

Examples Advantages Limitations Common

Applica-

tions

References

Accelerometers Smartphone

IMUs, Wear-

ables

Low cost,

widely avail-

able, energy-

efficient

Limited to

motion data,

prone to

drift

Activity

tracking, Fall

detection

[64]

Gyroscopes Smartphones,

Wearables

Captures

angular

velocity,

comple-

mentary to

accelerome-

ters

Drift over

time, re-

quires cali-

bration

Gesture

recognition,

Sports anal-

ysis

[65]

Magnetometers Smartphones,

Smart-

watches

Provides

orientation

data, used in

navigation

Affected by

magnetic

interference

Indoor nav-

igation,

Sports track-

ing

[66]

Pressure

Sensors

Barometers,

Footwear

Measures

force or alti-

tude changes

Limited data

context,

requires inte-

gration

Posture

detection,

Climbing

activities

[67]

Depth Sen-

sors

Kinect, Li-

DAR

Captures

3D spatial

data, robust

to lighting

conditions

Expensive,

Limited

range

Elderly mon-

itoring, Re-

habilitation

[68]

Ambient

Sensors

Temperature,

Light

Non-

intrusive,

context-

aware data

collection

Limited ac-

tivity details,

prone to

noise

Smart

homes, En-

ergy usage

monitoring

[69]
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Figure 2.3: General workflow of machine learning and deep learning approaches for Human
Activity Recognition (HAR). The figure illustrates the typical stages, including data acquisi-
tion, preprocessing, feature extraction or representation learning, model training, and activity

classification.

2.3.2 Data-based Approaches for Human Activity Recognition

Learning-based approaches, including machine learning and deep learning, play a key role in

sensor-based HAR. These methods enable automatic recognition of activities by identifying

patterns in sensor data. This section provides an overview of commonly used learning techniques,

highlighting both classical and deep learning models. Figure 2.3 shows the learning approaches

workflow for human activity recognition.

2.3.2.1 Machine learning approaches

Machine learning (ML) algorithms have been extensively applied to solve the HAR problem.

Classical techniques, including Random Forest (RF) [70], Markov models [71], and Support

Vector Machines (SVM) [72, 73], have shown considerable success, particularly in controlled en-

vironments where datasets are limited. Despite their effectiveness, traditional ML approaches

often depend heavily on hand-crafted features and require significant preprocessing. This re-

liance can lead to inefficiencies, particularly in real-time applications or when scaling up to

larger datasets. Additionally, these methods tend to struggle in incremental or unsupervised

learning contexts, where shallow feature-based techniques often fail to capture the complexity

of human activities. The authors of [74] introduce a new method known as Class Incremental

Random Forests (CIRF). During the incremental learning phase, it employs the Gini index or
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information gain for leaf node splitting, along with a splitting method based on the separating

axis theorem for adding interior nodes. Building upon the importance of capturing temporal

relationships, a Hidden Markov Model (HMM) and static machine learning classifiers are uti-

lized in [75] to enhance activity recognition in patients with motor disabilities. This approach

captures the temporal relationships among successive samples by using the outputs of static

classifiers as observations in the HMM. Furthermore, the researchers in [76] propose a two-stage

continuous HMM framework that utilizes the hierarchical structure of fundamental activities

for human activity recognition. This architecture supports a variable number of states and

iterations, allowing for the application of different feature subsets to various subclasses, thereby

reducing computational overhead. In addition to these approaches, the work in [77] describes a

methodology that combines Linear Discriminant Analysis (LDA), Principal Component Anal-

ysis (PCA), and modified Weighted Support Vector Machines (WSVM). Initially, the features

obtained from LDA are supplemented with significant principal components to improve recog-

nition accuracy.The authors of [78] present an infrared–ultrasonic sensor fusion method for fall

detection using Support Vector Machines (SVMs), focusing on senior healthcare. In this study,

the user’s position, dimensions, and temperature profile are estimated through an innovative

sensory fusion method. The research examines several feature sets within the SVM framework

and evaluates their impact on the accuracy of fall detection.

While traditional machine learning methods like Random Forest, Markov models, and Support

Vector Machines have demonstrated success in HAR, their limitations become evident in more

complex settings. These models are less efficient for large-scale or real-time applications due

to the need for extensive preprocessing and hand-crafted features. Moreover, they often under-

perform in incremental or unsupervised learning scenarios because of their reliance on shallow

features. However, recent advancements, such as Class Incremental Random Forests and hy-

brid models that combine static classifiers with Hidden Markov Models, provide more robust

solutions by addressing these challenges and improving performance in dynamic environments.

By introducing new techniques for feature selection, temporal relationships, and sensor fusion,

these methods enhance the scalability and resilience of HAR systems across various applications,

such as incremental learning and healthcare. Despite these advancements, there is still room to

further improve the flexibility and generalization of these models in real-world settings.

2.3.2.2 Deep learning approaches

In the domain of Human Activity Recognition (HAR), various deep neural network architectures

have been designed and utilized to enhance performance. Among the most prominent and

widely adopted are Convolutional Neural Networks (CNNs) and Recurrent Neural Networks

(RNNs), along with their respective variants. CNNs are characterized as deep learning models
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composed of several hierarchical layers, including convolutional layers for feature extraction,

pooling layers for dimensionality reduction, and fully connected layers, typically culminating in

a softmax activation function for classification.

Moreover, Convolutional Neural Networks (CNNs) are well-suited for capturing localized pat-

terns in multimodal sensory input, effectively leveraging spatial locality to achieve robust recog-

nition performance through translational invariance. In a study by Avilés-Cruz et al. [79],

the authors proposed an approach for human activity analysis based on three parallel CNN

streams. Each network independently performs local feature extraction, and their outputs are

subsequently integrated during the classification phase to enhance overall prediction accuracy.

The whole CNN architecture is based on a feature fusion of three CNN networks that are: a

fine CNN, a medium CNN and a coarse CNN. Chen et al. [80] proposed an acceleration-based

human activity recognition algorithm using a convolution neural network (CNN). They mod-

ify the network convolution kernel to adapt the characteristics of tri-axial acceleration signals.

On the other hand, Khan et al. [81] proposed a transfer learning motivated Heterogeneous

Deep Convolutional Neural Network (HDCNN) thet is specifically adapted to the properties of

CNNs. The model supposes that the weights’ relative distribution in the various layers is not

variant since the set of the observed activities set is constant and does not show any change.

Moreover, Almaslukh et al. [82] have suggested a deep learning architecture where they employ

time-domain features and learned ones for an independent HAR that is marked with an efficient

position.

A HAR framework has been suggested in [83], based on CNNs. The authors propose an efficient

approach to human activity recognition using deep ensemble learning. They address the chal-

lenge of recognizing confusing activities by combining feature extraction from multiple sensors,

deep ensemble learning for model training, and feature fusion to improve recognition accuracy.

An attention-based convolutional neural network for HAR has been presented by Wang et al.

[40] from weakly labelled data. The model can concentrate on labelled activity amid a long

data sequence and, at the same time, filter many signals of background noise In another study,

Wan et al. [84] proposed a convolutional neural network-based real-time human activity recog-

nition method using an ensemble classification algorithm with CNN for local feature extraction.

They relied on CNN, LSTM (Long Short Term Memory), BLSTM (Bidirectional LSTM), MLP

(Multilayer Perceptron), and SVM (Support Vector Machine) models to address the problem of

the complex structure of the networks that can deal with large datasets, and the problem of as-

certainment in case of high similar human activities. In [85], the authors proposed a light CNN

using Lego filters of lower dimensions which are used as stackable Lego bricks for conventional

filters to efficiently reduce computational and memory costs.

A new recurrent setting of dual attention method has been suggested by Gao et al. [86]. It

combines temporal attention and channel attention on a CNN. Besides, [87] introduced the
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Self HAR method that combines self-training, multi-task self-supervision, and the techniques of

semi-supervised learning to make the networks of CNN transferable to new situations.

Rachid et al.[88] proposed an Adaptive CNN for energy-efficient HAR (AHAR). They con-

structed a novel adaptive CNN architecture that uses an output block predictor to select a

part from the initial architecture to be used in the inference step. Besides, Cheng et al. [89]

proposed a computationally efficient CNN using conditionally parameterized convolution for

real-time HAR on mobile and wearable devices by replacing conventional convolutions with a

conditionally parameterized convolution (CondConv).

Another architecture of deep learning neural networks is RNN (Recurrent Neural Network)

where the connections between the nodes produce a directed graph along a temporal sequence.

RNNs extract the temporal dependencies and can progressively learn information over time

intervals that suit streaming sensory data in HAR [90].

The LSTM is one of the famous RNN-based architectures which can process entire sequences

of data and single data points. By setting logic gates in a calculation cell, the LSTM network

gathers efficient time series information. In [91], authors proposed a personalized human activity

recognition framework by building a RNN model for each individual. Ordonez et al. [92]

proposed a generic deep framework for activity recognition based on convolutional and LSTM

recurrent units which are suitable for multimodal wearable sensors; it can naturally perform

sensor fusion; it does not require specialized knowledge in feature design; and it explicitly

models the temporal dynamics of feature activations.

In [93], the authors constructed a binarized BLSTM-RNN model where the input and output

of all hidden layers and weight parameters are binary values in this model. A framework that

uses a Deep Recurrent Neural Networks (DRNNs) has been suggested by Murad et al. [94] for

building models of recognition which can capture long-range dependencies in variable length

input sequences. Cascaded, bidirectional, and unidirectional architectures are presented based

on LSTM-DRNNs. The authors in [95] gave a new model of HAR that is weakly supervised

based on recurrent attention learning. An agent had been trained for information extraction

from weakly labelled sensor data by adaptively selecting a location sequence. Relying on new

rewarding strategies, the authors used reinforcement learning to train the model.

Machoe et al. [96] proposed a RNN-based subject-independent human activity recognition

method using a windowing approach. The weight initialization process aims at avoiding the

hidden neurons’ behaviours that are not wanted. Residual bidirectional long short-term memory

(Res-BidirLSTM) has been introduced by Zhao et al. [97]. To speed up the algorithm’s training,

the memory employs modified deep RNNs using residual connections among stacked cells to

avoid the problems of gradient vanishing.
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Wang et al. [98] proposed a new structure called hierarchical deep LSTM (H-LSTM) to recognize

human activities after preparing sensor data and selecting and extracting features by the time-

frequency domain method. Zhou et al. [99] designed a semi-supervised deep learning framework

to get a more accurate HAR. The authors used reinforcement learning by developing a Deep

Q-Network (DQN) using a distance-based reward function to enhance the learning efficiency in

IoT environments. Then they developed a multi-sensor-based data fusion method to integrate

body sensor data and used a LSTM-based classification network to extract contextual features

and identify perfect patterns.

In the literature, given the advantages of both CNNs and RNNs, some researchers proposed

deep hybrid approaches. Some deep learning architectures are combined to construct a deep

HAR model. A hybrid deep framework called CNN-LSTM-ELM has been presented by Sun

et al. [100]. The framework combines an LSTM network, a deep CNN, and an Extreme

Learning Machine (ELM) classifier. It aims at decreasing the time of executing the HAR task.

A framework that blends a CNN model and a Deep Bidirectional Long Short-Term Memory

(DBLSTM) has been proposed by Su et al. [101] to get an automated HAR system. DBLSTM

preprocesses sequential raw data, and a bidirectional vector is generated. CNN uses this vector

to extract local features, and in the end, human activities are recognized via the fully connected

layer using a SoftMax function.

A framework that combines LSTM with convolutional layers has been suggested by Xia et al.

[102]. The raw data are given to a two-layer LSTM followed by convolutional layers. Then,

an average pooling layer is applied to substitute the fully connected layer after convolution

to reduce the model parameters, followed by a batch normalization layer to accelerate the

convergence. Another architecture of activity recognition that is based on deep learning has

been suggested by Mutegekiet al. [103].A long short-term memory network combined with a

convolutional neural network is created. This CNN-LSTM network is spatially and temporally

deep. Gumaei et al. [104] proposed a multi-sensors-based and hybrid framework that consists

of different types of recurrent units (SRUs and GRUs) for human activity recognition. Zhou

et al. [105] presented a WiFi-based activity recognition framework using an Autoencoder to

feature extraction. Besides, they relied on a CNN-LSTM architecture to extract local and global

features. Yuki et al. [106] utilized a dual-stream Conv-LSTM network where the first stream

deals with a smaller time length and the second stream deals with a longer time length for

an efficient human activity recognition system. The work of Agti et al. [107, 108] presents a

novel hybrid deep learning network that combines Convolutional Neural Network (CNN) and

Multi-Layer Perceptron (MLP) layers to autonomously learn and classify activities from sensor

data. The CNN-MLP approach facilitates the multi-class categorization of human activities by

effectively capturing temporal data.
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Table 2.3: An overview of the most important hybrid approaches features.

Reference Year Method Features

Yamada et al.
[109]

2007 Ontologies + Naive Bayes Model

Riboni et al. [10] 2009 Ontologies + Statistical classifiers

Ye et al. [110] 2014 Ontologies + Machine learning algorithms

Chen et al. [111] 2014 Ontologies + Incremental Learning Algorithm

Gayathri et al.
[112]

2015 Ontologies + Hierarchical clustering

Riboni et al. [113] 2015 Supervised Learning + Markov Logic Network method

Ahmadi et al. [114] 2017 Clustering model + Ontologies

Gayathri et al.
[115]

2017 Ontologies + Markov Logic Network

Civitares et al.
[116]

2018 Ontologies + Active learning(Random Forests algorithm) +
Markov Logic Network

Mojarad et al.
[117]

2018 Ontologies + Random Forests algorithm + Bayesian network

Civitares et al.
[118]

2019 Machine learning + ontologies

Rueda et al. [119] 2019 Deep Learning + computational state space models (CSSM)

Sukor et al. [120] 2019 Description Logic Reasoning(ontology) + Machine learning
model

Li et al. [15] 2019 Marcov Logic Network + Rule-based modeling and inference

Civitares et al.
[121]

2019 Markov Logic Network + ontologies + Active learnig

Civitares et al.
[122]

2019 Semi-supervised Active and incremental Machine Learning +
Ontologies

Mojarad et al.
[123]

2020 Deep Learning(CNN-LSTM model) + Ontologies

Bettini et al. [124] 2020 semi-supervised learning + semantic context-aware
reasoning(ontology-based)

Riboni et al. [125] 2020 Unsupervised machine learning(HMM) + ontologies

Bettini et al. [126] 2021 Machine learning model + ontology
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Deep learning techniques are characterized by their deep architecture [127], meaning they have

multiple layers of neurons. This allows them to learn hierarchical features in a scalable way,

making them highly effective for processing large and complex datasets. This scalability is a

crucial aspect of deep learning, enabling it to achieve superior performance in various applica-

tions.

Multiple deep learning architectures encode features under various perspectives. CNNs are

competent in capturing the local connections of multimodal sensory data. The translational

invariance introduced by locality leads to accurate activity recognition [128]. Recurrent neural

networks (RNNs) incrementally learn information through time intervals and extract temporal

dependencies. Therefore, they are suitable for streaming sensory data in human activity recog-

nition. The structure of deep neural networks allows them to be composed easily into united

networks with a total optimization function. The latter makes allowance for miscellaneous deep

learning techniques including deep active learning [129], and deep attention systems [130]. Fur-

thermore, most existing models of pattern recognition concentrate in first place on learning from

static data; while real-life activity data flows require robust incremental online learning

The network allows the automatic learning of features in deep learning rather than manual

extraction. Besides, a high-level representation in the deep layer can be extracted by the

deep neural network, making it suitable for activity recognition tasks, particularly complex

activities. Unlabeled data for model learning can be exploited by deep learning models, with a

large quantity of unlabeled data. On the other hand, they can generally be transferred to new

tasks where there are few or no labels.

Nevertheless, deep learning methods face different limits which affect deep learning-based human

activity recognition models. The need for domain knowledge in feature extraction tasks can

affect the time processing and accuracy of constructing a human action recognition system.

Furthermore, the features learned are shallow and may only be used for the recognition of basic

actions like ”sitting” or ”running”, and not for complex activities like ”drawing” for example, or

activities that need context-awareness. Moreover, traditional approaches require large labelled

datasets to construct the model, even though most of the datasets of human activities are not

labelled. Therefore, in unsupervised learning tasks, these models’ efficiency is undermined.

However, for model training, existing deep generative networks can take advantage of unlabeled

samples. In contrast, existing deep generative networks can exploit unlabeled samples for model

training.

As to data-driven approaches, they do not integrate a semantic viewpoint of the analyzed

activities causing the absence of semantic reasoning on the observed actions, the situation of the

actors, the motivation to act, and the objectives [6]. As a solution, knowledge-based approaches

introduced human behaviour reasoning and action context recognition to improve the activity

recognition task.
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2.3.3 Semantics in human activity recognition systems

HAR holds immense potential for impactful applications across various fields, including smart

homes, healthcare, and human-computer interaction. Ongoing research in HAR is poised to

reveal transformative solutions that not only enhance human-centric technology but also improve

quality of life by addressing both methodological and ethical considerations.

We can classify the approaches of Knowledge-based human activity recognition into three classes

according to the reasoning way used to recognize activities. In this line, we get: Logic-based,

rule-based, and ontology-based approaches according to the reasoning way used to recognize

activities. Some works have combined two kinds of methods to construct a knowledge-based

framework for human activity recognition. Today, the technique that is the most used in

knowledge-driven human activity recognition problems is Ontology.

Ontologies can clearly describe the knowledge, and can also offer an organized, structured

and machine-readable representation of this knowledge. Moreover, they have the expressive

power to support the reasoning process [131]. Their main drawback is that knowledge-driven

approaches are adaptation problems since representation is usually perceived as generic and in

static conditions [132]. In this context, according to [133], it is hard to generate a complete

model of the environment.

Such knowledge-based methods have been suggested in many studies. A knowledge-driven

approach has been presented by Okeyo et al. [134]. This method uses temporal knowledge

and ontological modelling formalisms to recognize complex activities, including concurrent and

interleaved ones. Along the same line, it employs rule-based temporal inference for identifying

complex activities, while for the simple ones, it uses ontological reasoning. Noor et al. [8]

proposed a new reasoning algorithm for activity recognition in an intelligent environment. The

method integrates ontological reasoning with Dempster-Shafer’s proof theory. Uncertainty is

quantified, while contextual information is aggregated. Moreover, a degree of belief is provided.

The latter facilitates more robust decision-making in activity recognition.

Recognition of Activities of Daily Living RADL is a system that has been provided by Bae

et al. [135] for the analysis and identification of ADLs for the elderly in smart homes. The

constructed ontology supports the semantic discovery of devices, location, and the environment

in such homes. For the present situation, the activities and the appropriate service are detected

by the reasoning procedure.

A continuous sensor sequence can be segmented automatically into significant partitions by

KCAR (A Knowledge-driven approach for Concurrent Activity Recognition) exploring the se-

mantics of sensor events in the ontological model [136]. The complex problem of concurrent

activity recognition is transformed into a simple single-user sequential activity recognition task
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by KCAR through the segmentation of the interwoven sensor sequence for each ongoing activity.

It uses ontological reasoning and statistical methods to measure similarity and match hierar-

chical concepts. A continuous sensor sequence can be segmented automatically into significant

partitions by KCAR by exploring the semantics of sensor events in the ontological model.

SPARQL-based reasoning has been presented by Meditskos et al. [137]. It supports crucial tasks

of inference in the domain of activity interpretation. However, they are not supported by the

standard OWL 2 semantics. They improve the framework with a conceptual layer through the

ontology models of DOLCE + DnS Ultralite(DUL). Khattak et al. [138] proposed an approach

to improve the elderly health and life quality by analyzing the nutritional consumption and

health activity information. Authors rely on an ontology-based method to model the daily life

activities and the details of the patient’s profile, allowing the analysis of fine-grained situations

for personalized service recommendations. Ahmadi et al. [139] proposed an ontology-based

approach that allows separating the input data into categories of non-overlapping activity events

regarding the context information. Then, these datasets are segmented and then mapped into

activity classes with a pre-trained classification model. Relying on ontology, Noor et al. [46]

introduced a sensor fusion-based approach. They aim to resolve uncertainties resulting from

missing sensor data through wearable and ambient sensors. A framework that captures new

knowledge from activity models has been given by Safyan et al. [140] for the development of

behavioural changes in the activity recognition model through an ontology. This framework

learns specialized and extended activities from the available activity models. The objective is

to incorporate new characteristics into established activity patterns, recognize previously unseen

activities, and enrich the ontology by capturing evolving representations that contribute to the

continuous refinement and expansion of the knowledge model.

An approach that exploits an algorithm of unsupervised machine-learning algorithm has been

suggested by Gayathri et al. [141]. This approach extracts knowledge from unlabeled data

through contextual pattern clustering. Moreover, it represents it as an ontology which provides

enhanced activity recognition thanks to clear reasoning and representation. An activity model

is represented by the proposed Fuzzy Ontology Activity Recognition (FOAR) in the form of a

fuzzy temporal ontology. Activity recognition is accelerated by the Fuzzy SWRL rules modelled

in the ontology. An approach for timely daily activity recognition has been presented by Liu

et al. [142] from an incomplete stream of sensor events. It allows the process to begin when a

daily activity begins.

Activity features are extracted from a subset of the most relevant sensor events rather than

from the entire set of sensor activations triggered by daily routines. In this context, Hooda et

al. [143] developed an ontology-based HAR model that utilizes the Activity Recognition Ontology

to formalize the activity recognition process—specifically by capturing the relationships between
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inferred high-level activities and fundamental actions—and the Sensor Measurements Ontology

to represent sensor-derived data.

While knowledge-driven approaches may be considered static and limited in scope [6], they offer

semantic clarity and are relatively easy to deploy. However, they often lack robustness in manag-

ing uncertainty and handling temporal dynamics. Typically, these methods do not incorporate

mechanisms to evaluate the comparative effectiveness of different reasoning strategies, as long

as the strategies adequately represent human actions. Moreover, they generally do not integrate

learning capabilities with logical inference techniques [7]. A commonly acknowledged limitation

is the static nature of the inferred models, which are not easily adaptable to individual user

preferences or behavioral variations [143].

Recognizing a wide range of activity types presents a significant challenge, particularly in indoor

environments where constructing comprehensive activity models is inherently difficult. To ad-

dress this limitation, the integration of data-driven techniques with knowledge-based approaches

has been proposed as a promising strategy. This hybridization facilitates the creation of more

complete and flexible activity models capable of capturing diverse human behaviors. Moreover,

such models can evolve over time, allowing them to adapt dynamically to changes in users’

behavior patterns [120].

2.3.4 Hybrid approaches for human activity recognition

Many researchers have proposed hybrid methods that integrate data-driven and knowledge-

based techniques for human activity recognition (HAR), aiming to combine the strengths of

learning algorithms and symbolic reasoning.

Yamada et al. [109] introduced an ontology-based approach combined with Naive Bayes to

model object relationships in diverse environments. Riboni et al. [10, 144] combined ontological

reasoning with statistical inference, allowing inference of activities beyond the reach of statistical

methods. Ye et al. [110] developed USMART, which segments continuous sensor streams and

leverages sensor semantics using an ontological model.

Gayathri et al. introduced EPAM [115], using unsupervised learning to extract patterns from

unlabeled data within an ontology-based framework. In [112], they also proposed a hybrid

method using Markov Logic Networks (MLN) to model both simple and composite activities

using contextual attributes and expert-defined temporal rules. Riboni et al. [113] presented

FABER, combining supervised learning with symbolic reasoning to detect abnormal behaviours

in smart homes.

Ahmadi et al. [114] proposed a framework integrating clustering for action detection, ontology-

based reasoning for activity recognition, and an estimation module for energy waste. Mojarad
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et al. [117] improved HAR by combining random forests, ontological reasoning, and Bayesian

networks. Civitarese et al. [116, 118] developed a hybrid real-time recognition system integrating

contextual reasoning with supervised learning, enhancing recognition through environmental

context. In another work, Sukor et al. [120] introduced a system that evolves user activity

models dynamically, merging initial ontological inference with data-based adaptation. Rueda

et al. [15, 119] combined deep learning with symbolic models using MLNs to model complex

daily activities probabilistically.

Civitarese et al. [145] presented POLARIS, which recognizes ADLs by combining ontologi-

cal reasoning with probabilistic refinement. Contextual and semantic correlations are inferred

through ontology, refined by probabilistic reasoning for online recognition. Mojarad et al. [146]

developed a context-aware AmI system using LSTM models for location/object detection and

HACON ontology for reasoning. PASP [147, 148] was used to identify abnormal behaviour

through probabilistic rules. Riboni et al. [125] proposed a system combining unsupervised

resident separation with knowledge-based multi-resident activity recognition.

Civitarese et al. proposed CAVIAR [122, 124], a semi-supervised hybrid system using semantic

context to refine classifier predictions, which are then used in active learning. In [149], Pro-

CAVIAR optimized this pipeline with probabilistic knowledge-based refinement of machine-

learned distributions using context data. In addition, Mojarad et al. [123] introduced a dual-

component HAR system: a CNN-LSTM-based recognition module and a symbolic reasoning

module using ASP over HAT ontology to interpret user behaviour.

Table 2.3 summarizes the combined features of the studied hybrid approaches.

Table 2.4: Comparative study of hybrid approaches for sensor-based HAR.

Reference Year Advantages Limitations

Yamada et al. [109] 2007 Excellent noise tolerance; High

accuracy in activity space detec-

tion.

Low recognition of independent activi-

ties.

Riboni et al. [10] 2009 Good accuracy; Capable of han-

dling complex activities.

Temporal relationships of activities not

considered; Incapable of recognizing

similar activities.

Ye et al. [110] 2014 Automatic semantics-driven seg-

mentation; Captures user inten-

tion; Does not require annotated

training data.

Sensitive to sensor noise; Considers at

most two consecutive events; Struggles

with similar nearby activities.
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Reference Year Advantages Limitations

Chen et al. [111] 2013 Flexible, reusable, and scalable. Sensitive to noise; Limited activity

types; Does not address complex activ-

ities.

Gayathri et al. [112] 2015 Reduces computation and mem-

ory cost.

Does not model uncertainty; Does not

handle complex activities.

Riboni et al. [113] 2015 High accuracy. Does not address multi-inhabitant or

interleaved activities.

Ahmadi et al. [114] 2018 Good accuracy; Real-time re-

sponse; Easy adoption in real-

world setups.

Ignores action sequence and activity

dependencies; High initialization effort.

Gayathri et al. [115] 2017 Good F-measure; Handles uncer-

tainty and incomplete data; Rec-

ognizes composite activities.

Lacks temporal activity characteriza-

tion; Does not support multiple occu-

pants; Limited inconsistency handling.

Civitares et al. [116] 2018 No initial training set required. Requires protecting user privacy and

data integrity; High correlation map-

ping effort.

Mojarad et al. [117] 2018 Detects and corrects context in-

consistencies.

Limited consideration of complex activ-

ities.

Civitares et al. [118] 2019 Supports context reasoning. Requires large training datasets.

Rueda et al. [119] 2019 Adds contextual information;

Recognizes actions, locations,

and dependencies.

Low performance.

Sukor et al. [120] 2019 High recognition rate; High scal-

ability.

Cannot distinguish concurrent or non-

sensical object usage.

Li et al. [15] 2019 Accurate under noise and missing

data; Supports complex activity

recognition.

Does not consider inter-activity rela-

tions or user profiles in multi-resident

scenarios.

Civitares et al. [121] 2019 Reduces number of feedback re-

quests.

Re-initializes recognition model after

updates.

Civitares et al. [145] 2019 Supports complex activity recog-

nition; Probabilistic and deter-

ministic rules; Handles noise;

Adapts to changes.

Not reusable for all activity types; Ig-

nores health-related concept drift.
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Reference Year Advantages Limitations

Civitares et al. [122] 2019 High recognition rate; Fewer

queries via active learning.

Ignores semantic uncertainty and tem-

poral activity sequences.

Mojarad et al. [123] 2020 Models human activities and con-

texts; Infers behavioral knowl-

edge.

Ignores uncertainty in data and rules.

Bettini et al. [124] 2020 Considers context data; Good ac-

curacy.

Cannot handle incomplete knowledge

and sensor limitations.

Bettini et al. [149] 2020 High recognition rate; Works in

unusual scenarios; Fewer active

learning queries.

Ignores personal habits and specific

contexts.

Riboni et al. [125] 2020 Multi-resident recognition with-

out labeled data.

Assumes at most two persons; Does not

model inter-inhabitant interaction.

Bettini et al. [126] 2021 Provides semantic explanations. Does not present temporal dependen-

cies between states.

A recent approach for explainable activity recognition (XAR) has been proposed by Bettini

et al. relying on machine learning models (Random Forests and SVM) [126]. The researchers

extracted a stream of temporally characterized semantic states from each sensor data stream,

giving input to a trained classifier. After that, considering the feature’s importance and values

generates explanations from a set of features over the semantic states. Nonetheless, the drawback

of the approach is that temporal dependencies between states are not shown by the semantic

explanations. Table 2.4 presents a comparative study of the most important hybrid approaches

for human activity recognition and highlights the advantages and limits of each work.

Deep learning techniques have achieved impressive results in Human Activity Recognition

(HAR), especially when large labeled datasets are available. These models excel at learning

complex patterns but may underperform when dealing with subtle or rare activities. In con-

trast, knowledge-driven methods—such as rule-based or ontology-based systems—offer semantic

reasoning and work well in low-data scenarios. However, they often lack adaptability and strug-

gle in uncertain environments.

Hybrid approaches have emerged to bridge this gap by combining the reasoning strengths of

knowledge-based models with the learning power of deep neural networks. These integrated

systems show improved robustness and generalization, particularly in complex or data-limited

settings. Ultimately, the choice of method depends on factors like activity complexity, data
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Figure 2.4: Interrelated cognitive processes—including perception, attention, memory, and
language—that collectively support and enable human decision-making. These components
form the cognitive foundation for interpreting information, reasoning, and acting within the

environment.

availability, and the trade-off between interpretability and performance. Hybrid models present

a promising path toward more context-aware and reliable HAR systems.

2.4 Cognitive Psychology: Theoretical Foundations

Cognitive psychology focuses on the scientific study of mental functions such as perception,

attention, memory, reasoning, language, and problem-solving. It emerged in response to the

limitations of behaviorism, framing the mind as an information-processing system and offering

key insights into human cognition that influence artificial intelligence and intelligent system

design [150, 151].

Core cognitive processes—perception, attention, memory, learning, and language—work in tan-

dem to help individuals interpret, respond to, and navigate their environments. Perception

interprets sensory input, attention filters relevant stimuli, memory stores and retrieves infor-

mation, learning adapts behavior through experience, and language enables communication.

Together, they form a dynamic and interconnected system essential for decision-making and

problem-solving. Computational modeling of these processes underpins adaptive, human-like

AI (see Figure 2.4).
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Cognitive architectures formalize these mental functions in software. Symbolic models like

ACT-R and SOAR use rule-based reasoning [152], while connectionist models (e.g., neural net-

works) mimic learning via weighted patterns [153]. Hybrid models combine both to support

flexible reasoning and adaptation, advancing applications in HCI, robotics, and cognitive mod-

eling. Mental representations such as schemas, scripts, and mental models structure human

knowledge and support reasoning, anticipation, and problem-solving [154]. These ideas inspire

computational representations like ontologies and knowledge graphs [155], though capturing

their richness remains a challenge.

Cognitive psychology also explains how internal states (e.g., beliefs, emotions, intentions) influ-

ence behavior. Processes like attention, memory, and decision-making mediate real-time human

actions, providing a foundation for designing AI that can predict or replicate human responses

[156, 157].

By translating cognitive processes into algorithms—such as rule-based inference or neural learn-

ing—researchers create systems capable of human-like reasoning and interaction. This conver-

gence of psychology and computer science fuels advancements in natural language processing,

decision support, and autonomous agents [158].

Despite progress, modeling human cognition is difficult. Individual variation, unconscious pro-

cesses, emotional influences, and sociocultural context introduce complexity that current AI

systems cannot fully replicate [159]. Situated and embodied cognition theories emphasize that

thought is context-dependent and distributed across mind, body, and environment [160]. Tools,

gestures, and social interactions extend cognitive capacities. This necessitates context-aware

and affective computing that enables machines to adapt to real-world dynamics [161].

Integrating cognitive principles into Artificial Intelligence(AI) and Human-Computer Interac-

tion(HCI) supports the creation of human-centered systems. These can interpret behavior,

adapt interfaces, recognize emotions, and collaborate effectively leading to intelligent systems

that are explainable, responsive, and aligned with human needs [162, 163].

2.5 Cognitive Foundations for Human Activity Recognition

Understanding human behavior and the motivations that drive action is a complex and mul-

tidimensional challenge. According to Previc [164], the cognitive space plays a central role in

structuring actions and determining the range of possible actions. Human actions are not solely

governed by the real-time perception of environmental stimuli, but also by prior knowledge and

experiences. In this sense, actions emerge from the integration of perceptual input with stored

knowledge and memory.
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This thesis is grounded in cognitive psychology, particularly focusing on theories of intrinsic

and extrinsic motivation, as well as the concept of amotivation. Intrinsic motivation refers to

engaging in an activity for the sake of personal satisfaction, while extrinsic motivation involves

performing actions to gain rewards or avoid negative consequences. Deci and Ryan [165] in-

troduce a third dimension—amotivation—where an individual perceives no connection between

their actions and the outcomes. This is especially relevant in the context of aging populations or

individuals with dementia, where motivation to act may be diminished or absent. In some cases,

we observe pathological perseveration, where individuals persist in repeating irrelevant actions,

or conversely, exhibit inaction or abandonment of activities. These patterns are particularly ev-

ident in neurocognitive disorders or under specific motivational deficiencies. A major challenge,

then, is to model such behaviors in a way that reveals the psychological or neurophysiological

state behind them. Can one infer an individual’s mental or physical state from the analysis of

their past and present actions, particularly when these actions appear inconsistent with rational

expectations?

The neurophysiologist Alain Berthoz, a professor at the Collège de France, supports a view

shared by philosophers such as Maurice Merleau-Ponty and Edmund Husserl: the brain is not

merely a processor of information but a simulator of action and an emulator of reality. According

to Berthoz, action precedes language in shaping our perception of the world. He illustrates this

through the case of patients suffering from perseveration syndrome, where individuals become

trapped in a loop of repeated actions due to an inability to suppress ongoing behavior in favor

of initiating new ones. This condition highlights a possible internal competition between past

and future actions, where the inability to transition from one to another impairs planning and

decision-making.

Understanding and modeling human activity requires more than just recognizing observable

actions; it necessitates insight into the underlying cognitive mechanisms that drive and structure

those actions. For systems to move beyond surface-level classification and achieve human-like

interpretation, they must integrate cognitive processes and models into their architecture.

Several key cognitive processes are particularly relevant to HAR systems that seek psychological

realism and contextual awareness:

• Perception: This is the process through which humans interpret and make sense of

sensory inputs. In HAR, perception maps onto how systems interpret sensor data to infer

user context. A cognitive-inspired design of sensor systems can enhance their ability to

capture meaningful environmental and behavioral cues by aligning data processing with

how humans naturally perceive their surroundings.

• Attention: Attention governs how cognitive resources are selectively focused on specific

stimuli or tasks. In HAR, attentional modeling is especially important for multitasking
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or concurrent activities. By simulating human attentional mechanisms, HAR systems

can prioritize certain sensor inputs or behavioral cues over others, improving accuracy in

complex or noisy environments.

• Memory: Both short-term (working) and long-term memory play critical roles in hu-

man behavior. Memory influences how actions are initiated, sequenced, and repeated over

time. Incorporating memory-inspired architectures—such as recurrent or temporal mod-

els—enables HAR systems to recognize activity patterns based on historical context and

user-specific routines.

• Executive Functions: These include high-level cognitive capabilities such as planning,

decision-making, task switching, and inhibitory control. They are essential for modeling

activity sequences involving choices, interruptions, and goal-directed behavior. HAR sys-

tems informed by executive function theories are better equipped to handle dynamic and

adaptive behavior, such as switching from one task to another or responding to unexpected

events.

• Self-Regulation: This refers to an individual’s ability to monitor and adjust behavior in

alignment with internal goals and social norms. In HAR, insights into self-regulation can

help systems detect deviations from typical behavior patterns that may indicate intentional

changes, errors, or even potential health issues. Modeling self-regulatory behavior allows

HAR applications to interpret not just what a person is doing, but why.

Grounding HAR systems in these core cognitive processes enables the development of models

that not only detect activities but also interpret behaviors in a way that mirrors human un-

derstanding. This enhances the system’s intelligence, adaptability, and relevance in real-world

contexts.

In parallel, cognitive science has proposed several foundational models to formalize how the

mind functions—each offering frameworks that can inspire the design of HAR systems:

• Information-Processing Models: These models conceptualize the mind as a sequential

computational system, where inputs are processed through stages to yield outputs. They

align well with symbolic reasoning systems and rule-based inference mechanisms commonly

found in early artificial intelligence research.

• Connectionist Models: Inspired by the brain’s architecture, these models—often imple-

mented as neural networks—perform parallel distributed processing. They are particularly

effective in capturing emergent patterns and behaviors from large data sets and form the

basis of many modern deep learning-based HAR systems.
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• Cognitive Architectures: Frameworks like ACT-R and Soar offer unified theories of

cognition by integrating symbolic and sub-symbolic processing. These architectures sim-

ulate multiple cognitive tasks, including memory, attention, and problem-solving, and

provide a strong foundation for modeling sequential, goal-directed behaviors and decision-

making processes [166].

A crucial aspect of human activity is its temporal and goal-oriented nature. Human behavior

is typically purposeful and unfolds over time, rather than being random or isolated. Accurately

capturing this temporal structure is essential for HAR systems aiming to model or predict

behavior. Time-sensitive reasoning mechanisms enable systems to infer causality, sequence

dependencies, and even future intentions from partial or ongoing activities. In particular, goal-

driven modeling supports anticipatory recognition and enhances system robustness in real-world

scenarios, where users may perform multiple or overlapping tasks [167].

By integrating these cognitive principles—both in terms of process and theoretical models—HAR

systems can move toward a more human-centered approach. Such systems are capable not only

of recognizing actions but also of interpreting them within a meaningful psychological and con-

textual framework.

2.6 Conclusion

This chapter provided a broad overview of Human Activity Recognition (HAR), combining

sensor-based methods with cognitive psychology and semantic modeling. It reviewed data-

driven, deep learning, and hybrid approaches, emphasizing how hybrid methods balance in-

terpretability and adaptability. Cognitive theories were introduced to explain the motivations

behind human actions. The integration of these disciplines points toward more intelligent,

human-centered HAR systems.

In the following chapter, we present the core contributions of this thesis, detailing how our pro-

posed approaches advance the integration of cognitive, semantic, and deep learning techniques

in HAR.



Chapter 3

Research Contributions

3.1 Introduction

This chapter presents the main contributions of the thesis, which collectively aim to advance the

field of human activity recognition by integrating data-driven techniques, semantic reasoning,

and cognitive modeling. First,a stream reasoning approach is introduced to detect medication-

related behavior risks in real time using the LARS framework. Second, a novel hybrid deep

learning model is proposed, combining convolutional and fully connected layers to enhance

recognition accuracy across multiple datasets. Third, a cognitive framework based on ontological

querying is presented, providing a high-level perspective on interpreting human behavior. And

finally, a hybrid framework that combines deep learning and ontological reasoning is proposed

for modeling human cognition in smart environments.

These contributions mark an important step toward bringing cognitive psychology into the

design of intelligent systems. By modeling and interpreting human thoughts and behaviors using

computational methods, this work helps create environments that are more aware of people’s

needs and contexts. It bridges the gap between raw sensor data and a deeper understanding

of human activity, making ambient intelligence and human-centered systems more responsive,

adaptive, and meaningful.

3.2 Stream Reasoning approach on Human Behavior for Medi-

cation Risks Detection using LARS Framework

Given the constantly changing nature of human behavior and the continuous flow of sensor data,

traditional methods—which often rely on static analysis—struggle to keep up. These approaches

are generally not equipped to handle the dynamic characteristics inherent in streaming data.

34
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To address this, stream reasoning has emerged as a powerful solution, allowing systems to

process and interpret data on the fly. This capability is especially important in time-sensitive

applications such as healthcare, where immediate recognition of activities can support prompt

intervention. Stream reasoning techniques rely on temporal queries to monitor and interpret

ongoing data, enabling the detection of patterns as they develop.

Recent advancements highlight a growing trend toward knowledge-driven models that incorpo-

rate semantic understanding. These approaches aim to create richer representations of human

behavior by linking contextual factors such as location, objects, and actions through semantic

relationships [168, 169].

Stream reasoning extends traditional stream processing by incorporating logic-based approaches

to effectively handle and analyze continuous, high-velocity data streams. One foundational

concept in this area is the use of windows, first introduced in the Continuous Query Language

(CQL) [170], which makes it possible to perform queries on recent subsets of incoming data,

mimicking traditional database operations. This concept was later adapted to the Semantic

Web domain, allowing for structured, static-like queries over dynamic data streams.

Among the most influential developments in stream reasoning is the LARS framework [171],

which builds on Answer Set Programming (ASP) [172] by introducing temporal operators and

window functions for logical reasoning over time-stamped data. A LARS rule is typically ex-

pressed as λ0 ← λ1, . . . , λn, where each λi denotes a logical formula. Operators such as ⊞w

for windowing, ⋄λ and □λ for expressing eventuality and invariance over time, and @tλ for

referencing specific time points, enable precise reasoning over temporal contexts.

A stream reasoning model based on LARS is proposed to support the detection of potential

medication-related risks among elderly individuals. This application demonstrates how stream-

based logic reasoning can be applied to human activity analysis, particularly in healthcare

settings. The use of LARS in this way highlights its potential for real-time interpretation of

activity patterns, enabling proactive support in scenarios where timely interventions are critical.

3.2.1 LARS: a Logic-based framework for Analyzing Reasoning over Streams

LARS offers a structured approach for reasoning over time-constrained and data-driven streams.

In this framework, a data stream is represented as a pair (T, f), where T denotes a finite interval

of natural numbers, and f defines a mapping between a subset of atoms A and their associated

time points. A key element in this model is the use of window functions, which serve to isolate

and operate on specific portions of the stream. These functions enable temporal slicing of the

data, allowing the reasoning process to focus on relevant segments within defined time intervals.
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3.2.2 LARS Window Functions

In the LARS framework, given a stream S and a time point t ∈ N, a window function (w)

produces a substream of S, referred to as a window. The syntax of LARS formulas follows a

defined grammar, where p is an atom from A:

ϕ ::= p | ¬ϕ | ϕ ∧ ϕ | ϕ ∨ ϕ | ♢ϕ | □ϕ | @tϕ | ⊞wϕ

Shorthand notations are also used in this context: ⊥ := p∧¬p, ⊤ := ¬⊥, and ϕ→ β := ¬ϕ∨β.

A pointed interpretation in LARS is expressed as I = (S⋆, S, t), where S⋆ = (T ⋆, v⋆) is the full

stream, S = (T, v) is a substream such that S ⊆ S⋆, and t ∈ T ⋆ represents a specific time point.

Whether a LARS formula ϕ holds at a given interpretation is determined using the inductive

semantics defined as follows:

I |= p ⇐⇒ p ∈ v(t), for p ∈ A
I |= ¬ϕ ⇐⇒ I ̸|= ϕ

I |= ϕ ∧ β ⇐⇒ I |= ϕ and I |= β

I |= ϕ ∨ β ⇐⇒ I |= ϕ or I |= β

I |= ♢ϕ ⇐⇒ ∃t′ ∈ T : (S⋆, S, t′) |= ϕ

I |= □ϕ ⇐⇒ ∀t′ ∈ T : (S⋆, S, t′) |= ϕ

I |= @t′ϕ ⇐⇒ (S⋆, S, t′) |= ϕ and t′ ∈ T

I |= ⊞wϕ ⇐⇒ (S⋆, w(S, t), t) |= ϕ

If a generic window function of type wi is used, along with a stream function of type ch and a

parameter vector of type i, the notation ⊞x
ι,ch is applied to denote the corresponding window

operator.

Two common window types in LARS are the tuple-based and time-based windows. The tuple-

based window w#(S, t,y) extracts a substream from S within the interval [tk, tl], returning a

defined number of tuples. In contrast, the time-based window wτ (S, t,y) selects a time-relative

segment of S with respect to the reference point t′, capturing all preceding tuples if k =∞, and

all succeeding ones when l =∞.

In addition to these windowing mechanisms, LARS incorporates temporal operators to address

time-based reasoning. The operators □ and ⋄ are used to express whether a condition holds

throughout a window or at least once, respectively—similar to constructs in modal logic. Specific

time references can also be made using the @ operator, which allows direct evaluation of formulas

at designated time points.
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3.2.3 LARS Program Structure

A LARS program is defined as a finite set R of rules, each expressed in the form r = ϕ ← β,

where both ϕ and β are LARS formulas.

A stream S is said to satisfy a rule r at a specific time point t if and only if (S, t) |= β → ϕ,

which is denoted by (S, t) |= r.

A program is interpreted as the conjunction of its individual rules. Accordingly, a stream S

satisfies the entire program R at time t if and only if all rules r ∈ R are satisfied at that time

point. This is expressed as (S, t) |= R.

Within the set of atoms A, a distinction is made between extensional atoms Aϵ and intentional

atoms AI . Extensional atoms represent input data and, by definition, do not appear in the

heads of rules.

3.2.4 Proposed Method

This section outlines the proposed method for LARS-based stream reasoning in the context of

human activity analysis [173], with a specific focus on identifying potential medication-related

risks. The overall architecture of our proposed method is depicted in Figure 3.1.

Scenario

To introduce the approach, consider the following illustrative scenario:

Mary is an elderly woman who lives alone in her home. She experiences challenges due to

the progressive decline of her short-term memory and motor abilities. To improve her safety

and support her cognitive functioning, Mary utilizes a tailored Ambient Assisted Living (AAL)

service.

As part of her daily routine, Mary is required to take medication multiple times per day, with

a specific time interval between each dose. Given her condition, there is a risk that she may

forget whether she has already taken a dose, leading to what is referred to as the missed dose

risk.

In addition to this, there is a possibility that Mary might take the same medication more

frequently than recommended, particularly if she forgets that she has already taken it. This

situation presents an overdose risk, such as when multiple doses are taken within a short time

interval.
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The reasoning system proposed here is designed to monitor Mary’s medication intake behavior

and identify such risks. It generates alerts to minimize the likelihood of missed doses and ensures

the safe administration of medication by detecting both missed doses and potential overdoses

due to repeated intake within a short period.

• Missed dose risk: This risk refers to situations in which Mary unintentionally fails to

take her medication at the scheduled times. Such omissions may negatively affect her

health, potentially aggravating her condition and increasing the likelihood of hospitaliza-

tion.

• Overdose risk: This risk occurs when Mary inadvertently consumes a dose that exceeds

the prescribed amount, which may happen due to memory lapses or misunderstandings

regarding the dosage schedule. Overdosing poses significant health threats, including

possible organ damage, and in severe cases, it may be life-threatening.

A stream reasoning approach grounded in the LARS framework is proposed, with a focus on

detecting potential medication-related risks among elderly individuals. The objective is to

analyze data streams and monitor behavioral patterns to infer hazards such as missed doses

and overdose situations. This is particularly pertinent for older adults who live independently.

To facilitate this, a set of rules is formulated using the LARS syntax and temporal operators,

thereby enhancing the reasoning capability of the system and contributing to the overall quality

and safety of medication administration for senior patients. Importantly, this contribution

constitutes the first known application of the LARS framework for stream-based reasoning in

the domain of human behaviour analysis.

3.3 A novel CNN-MLP deep learning model for sensor based

human activity recognition

Human Activity Recognition (HAR) is a foundational component within the domains of artificial

intelligence and machine learning, with broad applications spanning healthcare, sports perfor-

mance analysis, smart home systems, and intelligent environments. The development of precise

HAR models is essential for improving individuals’ quality of life, particularly by supporting

personalized health monitoring and treatment strategies [174]. In the context of sports, these

models contribute to performance evaluation and the design of tailored training regimens [175].

Additionally, in smart environments such as homes and urban infrastructures, HAR facilitates

improved automation, safety, and energy management [176].

Sensor-based HAR relies on data collected from three main types of sensors: body-worn devices

(such as accelerometers and gyroscopes [177, 178]), object-based sensors (including RFID tags
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Figure 3.1: Architecture of the LARS-based stream reasoning system for detecting medication-
related risks from continuous human activity data streams.

and motion sensors [179]), and ambient sensors (like sound, light, and temperature sensors

[180]). While each of these sensor types brings valuable capabilities, effectively combining data

from multiple sources remains a significant challenge in practical applications.

Recently, deep learning methods have made remarkable strides in HAR by automatically learn-

ing hierarchical features directly from raw sensor inputs [180]. Among these, CNNs and

LSTMs have become especially popular, with hybrid models such as CNN-LSTM, Bi-LSTM,

and attention-based approaches delivering strong improvements in accuracy and robustness on

benchmark datasets [84, 102, 103, 181]. In particular, CNN-LSTM architectures effectively

capture both spatial patterns and temporal dependencies, enhancing recognition of complex

activity sequences.

However, many existing methods face significant challenges, such as achieving real-time per-

formance, adapting to various sensor types, and maintaining robustness in uncontrolled envi-

ronments. A number of prior studies focus on individual datasets or traditional architectures,

resulting in models that often lack scalability and cross-domain generalizability. Additionally,
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Figure 3.2: Architecture of the proposed model of CNN-MLP architecture for human activity
recognition.

deploying these models on edge devices is limited by high computational and memory require-

ments [182]. To overcome these issues, we introduce a novel hybrid deep learning model that

combines Convolutional Neural Networks (CNN) with Multi-Layer Perceptrons (MLP). The

CNN layers are designed to extract spatial and temporal features from raw sensor data, while the

MLP layers improve classification of these extracted representations. The architecture incorpo-

rates Batch Normalization, Global Average Pooling, L2 regularization, and Dropout techniques

to enhance generalization, prevent overfitting, and reduce computational complexity—making

it well-suited for real-time applications.

3.3.1 Proposed Architecture

Our CNN-MLP model is carefully designed to capture both the spatial and temporal character-

istics of sensor data, enabling accurate multi-class classification. The architecture is composed

of distinct layers, each contributing to the process of extracting meaningful features and making

predictions. This design is especially effective for handling time-series data, where understanding

the sequence and structure of sensor inputs is crucial. By combining CNN and MLP compo-

nents, the model is able to recognize both motion patterns over time and spatial relationships

across different sensors.

Figure 3.2 visually depicts the overall architecture of our approach, encompassing all necessary

components.
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Convolutional and pooling layers serve as the core building blocks of our model architecture,

playing a crucial role in capturing intricate spatial patterns from the input data. Through a

series of convolutional operations, the model is able to detect meaningful features and patterns

that emerge across different segments of the dataset. By stacking these layers, the network builds

hierarchical feature representations that reflect the underlying complexity of human activities.

Our design incorporates three dedicated 1D convolutional layers, each progressively refining the

spatial characteristics extracted from the raw data. The first convolutional layer performs the

following transformation:

X
(l)
i = ϕ

∑
j

W
(l)
ij ∗X

(l−1)
j + b

(l)
i

 (3.1)

where X
(l)
i is the output of the i-th filter at layer l, W

(l)
ij represents the convolutional kernel

weights, b
(l)
i is the bias term, and ϕ(·) is the ReLU activation function.

The first convolutional layer includes 64 filters and is followed by a max-pooling layer that

reduces the spatial dimensions of the resulting feature maps while retaining key information. The

second convolutional layer, equipped with 128 filters, increases the model’s capacity to capture

more intricate spatial patterns. This is again followed by a max-pooling layer to streamline the

learned features. The third and final convolutional layer, using 256 filters, focuses on extracting

fine-grained spatial characteristics from the input. Each max-pooling operation is computed as:

P
(l)
i = max

k∈N (i)
X

(l)
k (3.2)

where P
(l)
i is the pooled output, and N (i) defines the receptive field for the pooling operation.

The architecture also integrates Multi-Layer Perceptron (MLP) layers, which play a key role in

capturing the dynamic temporal patterns present in human activity data. These layers help the

model understand the evolving relationships between consecutive time steps by analyzing how

sensor values change over time. The MLP component includes two fully connected layers: the

first with 512 neurons and the second with 256 neurons. Each dense layer applies the following

transformation:

h(l) = σ(W (l)h(l−1) + b(l)) (3.3)

where h(l) represents the activation at layer l, W (l) is the weight matrix, and b(l) is the bias

term.



Research Contributions 42

ReLU activation functions are employed to introduce non-linearity, allowing the model to learn

and represent more complex patterns in the data. To summarize the extracted spatial and

temporal features, a Global Average Pooling layer is applied. This layer computes the mean

value of each feature map, helping reduce dimensionality while retaining essential information:

GAPi =
1

N

N∑
j=1

Xij (3.4)

where N represents the number of spatial locations.

To enhance training stability and efficiency, batch normalization is applied. This normalization

process follows:

x̂(l) =
x(l) − µ(l)√
σ2(l) + ϵ

(3.5)

where µ(l) and σ2(l) are the batch mean and variance, respectively, and ϵ is a small constant for

numerical stability.

The output layer acts as the final decision stage, responsible for classifying human activities. It

is a fully connected layer where each neuron corresponds to a specific activity class, and it uses

the softmax activation function to produce a probability distribution over the possible classes:

pi =
ezi∑
j e

zj
(3.6)

where zi is the input to the i-th neuron before activation.

To improve convergence during training, a learning rate scheduling strategy is employed. The

learning rate starts at 0.001 and stays constant for the first ten epochs. After that, it gradually

decreases following an exponential decay rule defined as:

ηt = η0e
−0.1t (3.7)

where ηt is the learning rate at epoch t and η0 is the initial learning rate.

The model is trained using the Adam optimizer, with an initial learning rate set to 0.001. By

integrating convolutional, pooling, dense, and normalization layers, the architecture effectively

captures relevant features and supports accurate classification. This design results in a reliable

and high-performing HAR system.
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The proposed CNN-MLP hybrid architecture represents a significant contribution to advanc-

ing Human Activity Recognition (HAR). By combining the spatial feature extraction strength

of Convolutional Neural Networks (CNNs) with the classification capabilities of Multi-Layer

Perceptrons (MLPs), the model demonstrates improved performance across diverse application

domains, including smart homes, healthcare, and personal fitness.

Through rigorous evaluation on both smartphone-based datasets (UCI HAR, WISDM, and

PAMAP2) and a smart home dataset (CASAS Aruba), the architecture exhibits strong adapt-

ability and effectiveness across heterogeneous sensor modalities and activity contexts. These

results validate the model’s robustness and generalizability in practical HAR scenarios.

The general design of the enhanced CNN-MLP model is illustrated in Figure 3.3.

Input: Time-series data 
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(window_size × feature_count)
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Figure 3.3: Proposed Enhanced CNN-MLP Architecture for Human Activity Recognition

The proposed model offers several advantages:

• Effective extraction of spatial and temporal features from time-series data using the CNN

layers.

• Robust performance against overfitting through techniques like Batch Normalization and

Dropout.

• Lightweight design optimized for deployment on resource-constrained devices, achieved

through reduced complexity and computational optimizations.

• Scalability to handle multiple datasets and diverse sensor modalities, ensuring broad ap-

plicability in real-world scenarios.
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The training process incorporates an adjustable learning rate schedule, with an initial value of

0.001. The learning rate decays exponentially during training:

ηt+1 = ηt · e−0.1 (3.8)

where ηt is the learning rate at epoch t, helping the model converge more efficiently.

This CNN-MLP module forms the foundation of the proposed system by accurately identifying

human activities from sensor data. It extracts high-quality features that enhance subsequent

ontology reasoning, contributing to the overall performance and adaptability of the system.

This contribution underscores the value of hybrid deep learning strategies in enhancing recogni-

tion accuracy and system reliability. It lays a solid foundation for the development of intelligent,

resource-efficient HAR systems capable of recognizing complex human behaviors across multiple

environments.

3.4 Ontological Querying-based Cognitive Perspective for Ac-

tivity Recognition.

Recent developments in human activity recognition (HAR) within smart home environments

have increasingly emphasized leveraging sensor data to interpret and predict user behavior.

While conventional machine learning approaches have shown promise for recognizing simple,

well-defined activities, they often encounter limitations when faced with complex temporal se-

quences or rich contextual dependencies. To address these gaps, deep learning techniques have

emerged as powerful alternatives. For example, Depthwise Separable Convolutional Neural

Networks (DS-CNN) [183] offer a computationally efficient design by decoupling spatial feature

extraction from feature fusion, though they may fall short in capturing dynamic environmental

context. In parallel, Deep Recurrent Neural Networks (DRNNs) [184] have demonstrated strong

capabilities in modeling temporal dependencies in sensor data from mobile devices, yet their

adaptability to diverse, real-world settings remains an ongoing challenge.

Explainable Artificial Intelligence (XAI) techniques, including LIME, SHAP, and Anchors, have

been widely adopted to improve the interpretability of machine learning models [185]. These

methods often generate explanations in natural language or visual formats to support user

understanding. Despite their benefits, ensuring a meaningful balance between explanation

transparency and user trust remains an open issue. For example, SHAP explanations, while

mathematically rigorous, can sometimes undermine user confidence by revealing overly com-

plex or unexpected model behavior. Recent advancements, such as the integration of fine-tuned

Word2Vec embeddings [186], have contributed to better recognition performance and have eased
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the burden of manual labeling. Nevertheless, such techniques may struggle to generalize across

diverse household settings and are frequently trained on benchmark datasets that offer limited

representational diversity.

In a related direction, Sahoo et al. [187] employed ESP32-based Wi-Fi sensing to gather Channel

State Information (CSI) for real-time human activity recognition, leveraging lightweight machine

learning models for on-device inference at the edge. This strategy demonstrates promising low-

latency performance; however, the simplicity of the features extracted can hinder the system’s

ability to accurately capture more nuanced or complex activities. Similarly, Fahad et al. [188]

proposed a framework that combines a probabilistic neural network with autoencoders to iden-

tify anomalous patterns in user behavior. Nevertheless, their reliance on boxplots to define the

ground truth for anomalies introduces potential issues in terms of reliability and consistency

during model evaluation.

To overcome the limitations of conventional HAR techniques, hybrid deep learning models have

been explored. For example, Mekruksavanich et al. [189] developed a CNN-LSTM framework

that jointly captures spatial and temporal characteristics of sensor data. While this integration

improves recognition performance, its adaptability to diverse and dynamic environments remains

limited. In a similar vein, Li et al. [190] proposed a method that incorporates a spatial distance

matrix alongside a sensor contribution analysis mechanism to enhance recognition accuracy

through the use of wide convolutional networks. Although these models demonstrate strong

performance in controlled conditions, they often face difficulties in generalizing across varied

contextual settings encountered in real-world applications.

In parallel, semantic-based approaches have gained attention due to their potential to deliver

high-level abstractions and interpretations of sensor inputs [191]. Ontology-driven frameworks,

often leveraging RDF and SPARQL, provide a formal structure to represent complex interrela-

tions among entities such as users, activities, and their environments [9, 137, 192]. These seman-

tic models enable advanced reasoning over activity sequences and contextual cues. Nonetheless,

traditional ontological representations frequently fall short in expressing the dynamic nature

of human behavior. To mitigate this limitation, Larhrib et al. [193] advocate for augmenting

ontologies with behavior flow concepts, thereby supporting more effective validation and testing

of activity patterns.

Ontology-based frameworks for human activity recognition have shown promise in capturing

the structural and temporal complexities of everyday behaviors. For instance, Hooda et al.

[143] introduce a model that encapsulates human actions, interactions with objects, and con-

textual information from the environment, thereby enabling the inference of high-level activities.

Similarly, Ni et al. [194] develop a foundational ontology grounded in the NeON methodology,

which integrates user profiles, smart home contexts, and Activities of Daily Living (ADLs).
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Their design is built upon the DOLCE+DnS Ultralite (DUL) ontology, promoting semantic

interoperability and reusability across applications.

In parallel, context-aware HAR systems have incorporated dynamic environmental information

to refine activity recognition processes [123]. These systems leverage spatial, temporal, and

interactional data to derive more accurate interpretations of user behavior. A notable exam-

ple is the hybrid architecture proposed by Moulouel et al. [195], which combines ontological

context modeling with reasoning mechanisms such as event calculus and probabilistic planning,

implemented via Answer Set Programming (ASP) and Partially Observable Markov Decision

Processes (POMDP). Their follow-up work [196] further integrates deep learning techniques

with commonsense reasoning, resulting in a more resilient and adaptive framework for activity

prediction in smart environments. Recent advancements reflect a clear shift toward integrating

machine learning techniques with semantic models and contextual reasoning. This multidis-

ciplinary approach supports the development of more adaptive, transparent, and semantically

enriched HAR systems, aligning well with the complex and dynamic nature of smart home

environments.

3.4.1 Proposed framework

In the following, we outline the core components of the proposed methodology, including the

design of the model architecture. The figure 3.4 illustrate the different compenents of this

proposed framework [197].
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Data integration
and m
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OntologySPARQL queries

Human behavior Pattern 
recognition

Human
behavior
analysis

Selecting events

Data 
Preprocessing:

Context
Recognirion:
Location 
Recognition

Time 
Recognition

Figure 3.4: General architecture of the proposed ontological quering-based cognitive perspec-
tive framework for human behavior recognition
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3.4.1.1 Mapping the dataset to an ontology

This section describes the process of translating information from the smart home environ-

ment into an ontology that semantically captures the relationships among actions, sensors, and

contextual elements. The resulting ontology establishes a formalized framework for represent-

ing human activities alongside their corresponding sensor data, thereby enabling sophisticated

querying and reasoning capabilities.

The ontology encompasses several key classes, including Activity, ActivityTime, Location, Sen-

sor, Object, and Subject. Instances of the Activity subclasses differentiate multiple occurrences

of the same activity by day and time, allowing for precise temporal representation of activities

across different periods. Sensors are classified into three distinct categories, each associated

with specific locations within the smart home environment.

These concepts are interconnected through a variety of relationships such as occursOn, hasStart-

Time, hasEndTime, hasActivityLocation, hasActor, hasTimeOfDay, and hasSensorID, among

others. These properties collectively capture the intricate links between activities, sensors, and

their contextual attributes. By providing a structured semantic representation, this ontology

supports advanced querying and inferencing to uncover meaningful patterns in human behavior.

• Activity (A): This class represents the human activities described in the datasets. It con-

tains various activity types as subclasses, with instances corresponding to each occurrence

of an activity distinguished by day and time.

• ActivityTime (D): Represents the specific day and time of day when an activity takes

place.

• Location (L): Denotes the different rooms or spaces within the smart home where sensors

are installed (e.g., Bedroom, Kitchen).

• Sensor (S): Covers the range of sensor types deployed in the smart home environment,

subdivided into:

– DoorSensor (SD)

– MotionSensor (SM )

– TemperatureSensor (ST )

Individuals in these subclasses correspond to the actual sensors recorded in the datasets.

• Object (O): Represents various objects involved in the activities, typically categorized by

the location where they are found (e.g., desktop, toothbrush).
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• Subject (SB): Represents the subjects performing activities; in our datasets, this typically

involves a single subject.

These classes and subclasses are linked through both object and data properties, examples of

which include:

• hasActor (hasActivity : A → SB): Associates each activity occurrence with a specific

Subject.

• occursOn (occursOn : A → D): Connects each Activity to a particular day and time.

• isMonitoredBy (isMonitoredBy : A → S): Links each Activity to one or more sensors

monitoring it within the corresponding location.

• hasActivityLocation (hasActivityLocation : A → L): Associates each activity occurrence

with a specific Location inside the smart home.

To represent the temporal characteristics of activity occurrences, we define the following data

properties: hasStartTime (hasStartTime : A → xsd : dateT ime) indicates the start time of

each activity instance, while hasEndTime (hasEndTime : AO → xsd : dateT ime) denotes its

end time.

Here, XSD (XML Schema Definition), a recommendation by the World Wide Web Consortium,

provides a formal specification for describing elements. The datatype xsd:dateTime from the

XML Schema language defines time values, which can be conceptualized as objects comprising

integer attributes for year, month, day, hour, and minute.

For each record in the datasets, we instantiate objects of the class Activity (A) that encapsu-

late contextual information such as the day, location, start and end times, and related objects.

Activity occurrences (AO) correspond directly to the activity labels provided in the datasets.

Each such occurrence is modeled as an instance of a subclass of Activity, enriched with tem-

poral attributes through the properties hasStartTime, hasEndTime, and spatial context via

hasActivityLocation.

The sensors recorded in the datasets are organized into subclasses: DoorSensor (SD), Motion-

Sensor (SM ), and TemperatureSensor (ST ). Each sensor is represented as an individual entity,

characterized by properties such as SensorID, Location, and SensorType. Locations (L) de-

note the various locations within the smart home, with each sensor linked to its corresponding

location using the property isInstalledIn.

Each Activity type (A) is connected to an ActivityTime instance (D) and a Location (L), and

is linked to a Subject (SB) through the object properties occursOn, hasActivityLocation, and

hasActor, respectively.
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These formal relationships are defined as follows:

∀a0 ∈ A, ∃d ∈ D,∃l ∈ L | occursOn(a0, d) ∧ hasActivityLocation(a0, l) (3.9)

∀a0 ∈ A,∃s ∈ SB | hasActor(a0, s) (3.10)

∀ao ∈ A | hasStartT ime(ao, ts) ∧ hasEndT ime(ao, te) (3.11)

The dataset is transformed into RDF triples, which semantically capture the relationships among

activities, their occurrences, and contextual elements within the smart home, following the

structured ontology mapping. This representation supports the inference of activity patterns

and behaviors, allowing for advanced querying through SPARQL. Figures 3.5 and 3.6 provide

an overview of the HBOnt-Ontology taxonomy. The detailed inset emphasizes a portion of

the Stimulus-Sensor-Observation pattern from the SSN ontology [198]. To accommodate sen-

sor value representation within observations, the hasValue property was incorporated into the

HBOnt ontology.

Figure 3.5: Main components of the HBOnt ontology to represent and organize knowledge
about human activities.

The locatedAt relation denotes spatial proximity; for example, locatedAt(Person, Place, Time

Interval) indicates that a subject is present at a specific location during a particular time in-

terval. The Sensor concept encompasses two key properties: observes, which characterizes

sensor attributes such as precision, resolution, and response time, and produces, which describes
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the sensor’s output (e.g., temperature, brightness, position). Each temperature sensor (Tem-

peratureSensor) possesses a unique identifier (Sensor ID), and the locatedAt property enables

inferring a subject’s presence at a location during a defined time interval.

The Observation concept captures contextual sensor data, linking to sensors via the observed

property as defined in the SSN ontology. Our comprehensive taxonomy-driven semantic model

incorporates essential contextual concepts including locatedAt, installedIn, and observed. Phys-

ical devices such as temperature and motion sensors are represented as TemperatureSensor and

MotionSensor classes, respectively. Each sensor is uniquely identified by its Sensor ID, which

supports precise inference of a subject’s presence within a particular space.

Figure 3.6: Structure of the ontology, adding semantic contextual information for each
recorded activity occurrence, and modelling the relations of the concept Observation of the

HBOnt ontology and the Subject and the Activity concepts.

3.4.1.2 Human Behavior Analysis

Our SPARQL queries are developed to investigate human behaviors and their interrelations

within the cognitive psychology framework. These queries aim to extract pertinent information

from the ontology to elucidate why individuals perform certain activities and to explore the

interactions among activities, contexts, and motivations. Each query addresses a specific facet

of human behavior, collectively contributing to a comprehensive analysis of cognitive processes

involved in activity sequences.

Retrieve Activities of a Subject

1 SELECT DISTINCT ?activity ?startTime ?endTime
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2 WHERE {

3 <http :// www.co -ode.org/ontologies/ont.owl#Mary > ex:hasActivity ?

activity .

4 ?activity ex:hasStartTime ?startTime ;

5 ex:hasEndTime ?endTime .

6 }

This query retrieves specific tasks along with their start and end times for the subject. By

identifying these behaviors, we gain insight into the exact steps an individual performed during

a defined time interval. Analyzing the sequence and duration of these activities is crucial for

understanding cognitive patterns and behavioral motivations.

Filter Activities by Duration

1 SELECT DISTINCT

2 (STRAFTER(STR(? activity), "http ://www.co-ode.org/ontologies/ont.owl#

") AS ?activityName)

3 ?startTime ?endTime

4 WHERE {

5 {

6 SELECT ?activity ?startTime ?endTime

7 WHERE {

8 <http :// www.co -ode.org/ontologies/ont.owl#Mary > ex:

hasActivity ?activity .

9 ?activity ex:hasStartTime ?startTime ;

10 ex:hasEndTime ?endTime .

11 }

12 }

13 FILTER ((xsd:dateTime (? endTime) - xsd:dateTime (? startTime)) > "PT6M"

^^xsd:duration) .

14 }

Building on the previous query, this one filters activities to include only those lasting longer

than a specified duration. Focusing on extended tasks allows for the examination of patterns

that may reflect deeper cognitive engagement or personal preferences.

Identify Activity Sequences with Contextual Locations

1

2 SELECT DISTINCT ?activity1 ?startTime1 ?endTime1 ?location1

3 ?activity2 ?startTime2 ?endTime2 ?location2
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4 WHERE {

5 <http :// www.co -ode.org/ontologies/ont.owl#Mary > ex:hasActivity ?

activity1 .

6 ?activity1 ex:hasStartTime ?startTime1 ;

7 ex:hasEndTime ?endTime1 ;

8 ont:hasActivityLocation ?location1 .

9

10 <http :// www.co -ode.org/ontologies/ont.owl#Mary > ex:hasActivity ?

activity2 .

11 ?activity2 ex:hasStartTime ?startTime2 ;

12 ex:hasEndTime ?endTime2 ;

13 ont:hasActivityLocation ?location2 .

14

15 FILTER (? activity1 != ?activity2) .

16 FILTER (xsd:dateTime (? startTime2) - xsd:dateTime (? endTime1) <= "PT5M

"^^xsd:duration) .

17 }

This query retrieves the start and end times along with the locations of activity pairs performed

by the subject ‘Mary.’ By analyzing the temporal proximity and contextual settings of these

activities, we can infer potential relationships and underlying reasons for transitions between

them.

The structured human behavioral ontology developed provides a practical approach for trans-

forming raw sensor data into a well-organized model that represents temporal, spatial, and

event-based relationships among various human activities. The use of SPARQL-based onto-

logical queries enables the examination of specific facets of human behavior, contributing to a

comprehensive understanding of cognitive processes and activity patterns. These queries facil-

itate the extraction of pertinent information from the ontology, aiding in the interpretation of

why individuals perform certain activities and how different activities, contexts, and motivations

interact.

3.5 Modeling Human Cognition in Smart Environments: A Hy-

brid Deep Learning and Ontology-Based Approach to Ac-

tivity Motivation Inference

While Human Activity Recognition has made significant progress in identifying what activities

occur from sensor data, a crucial challenge remains: understanding the deeper motivations or

intentions behind those activities. This distinction is essential for building intelligent, adaptive,
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and truly human-centric AI systems, since identical actions may reflect very different needs,

emotional states, or even emergencies. We propose a novel hybrid framework that overcomes

this limitation by combining deep learning with ontological reasoning. This integration allows

us to dynamically infer the diverse motivations underlying human behaviors in smart environ-

ments—marking an important step toward cognitive HAR.

For example, a system that merely detects “preparing a meal” cannot distinguish whether

the user is cooking a routine family dinner, grabbing a late-night snack due to insomnia, or

preparing medication. Although the physical activity may appear identical, the underlying

purpose is drastically different. Capturing such nuances is essential for smart environments to

offer personalized assistance, timely interventions, and meaningful automation that responds to

actual user needs.

Over the last decade, HAR has become a vibrant research domain, fueled by the widespread

adoption of smart devices and ambient sensors [199]. Many solutions have leveraged machine

learning techniques—ranging from decision trees and support vector machines to advanced deep

learning architectures like convolutional and recurrent neural networks [128], as well as more

recent hybrid models [107, 200]. While these methods have achieved impressive accuracy in

classifying human activities, they often lack transparency and struggle to incorporate contextual

or intentional reasoning [201].

To address this, context-aware systems have attempted to enhance activity recognition by in-

corporating auxiliary information such as location, time of day, and environmental states [168].

However, such systems often treat context as an external feature rather than formalizing it

into a structured reasoning framework. Ontology-based approaches bridge this gap by offering

a semantic representation of human behavior, explicitly modeling relationships among entities

and enabling logical inference through rule-based reasoning [144].

Previous research has explored hybrid systems that combine machine learning with ontological

reasoning to improve the robustness and interpretability of HAR [202]. However, these efforts

have typically focused on improving classification performance or system adaptability, rather

than explicitly addressing the question of human intent. Our work advances this line of research

by targeting motivation inference directly, drawing from cognitive psychology theories and sup-

ported by a formal knowledge representation framework. This allows our system to explain not

only what activity was performed, but also why it was performed.

By integrating GENA—a general-purpose semantic reasoning engine—with deep activity recog-

nition models, we introduce a practical and powerful pathway for embedding cognition-inspired

logic into HAR pipelines. Additionally, our inference rules are crafted based on real-world

patterns of human behavior, enriched with contextual information such as health conditions,
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temporal cues, and object interactions. This enables our system to move beyond simple classi-

fication toward a deeper understanding of human intentions and needs.

3.5.1 Theoretical Foundations

Understanding the motivations behind human actions is key to pushing HAR beyond mere

behavior classification. Traditional HAR systems are adept at identifying observable activities,

but they often fall short when it comes to interpreting the deeper reasons or goals that drive those

actions. To bridge this gap, our approach is grounded in well-established theories from cognitive

psychology [150] and enhanced with a semantic ontology specifically designed to capture context

and motivation.

Human behavior is inherently goal-driven. Cognitive psychology suggests that people rarely

act without reason; most actions are taken to fulfill specific needs, desires, or intentions [203].

Theories such as the Theory of Planned Behavior and goal-setting theory emphasize that both

internal factors—like health status, emotional state, or fatigue—and external stimuli—such as

location, time of day, or social context—combine to influence how, when, and why people act.

Take the example of walking: a person might walk for exercise, to answer a ringing phone, or

to join a conversation. Even though the physical action is the same, the meaning and purpose

behind it are entirely different. These subtle but important distinctions often go unnoticed by

deep learning models, which focus strictly on patterns in sensor data. To uncover the motivations

behind actions, we need a semantic layer that can represent human goals, contextual settings,

and individual characteristics—all of which shape behavior in meaningful ways.

3.5.2 Proposed hybrid deep learning and ontology-based approach to activity

motivation inference

In this section, we present our proposed framework describing its main components.

Our proposed framework integrates a deep learning-based HAR pipeline with a semantic reason-

ing module grounded in a motivation-aware ontology. The architecture, illustrated in Figure 3.7,

is composed of three principal components:

1. A Deep Learning Module responsible for recognizing low-level activities from sensor

data.

2. A Motivation Ontology that models contextual, environmental, and cognitive aspects

of human behavior.
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Figure 3.7: Architecture for motivation-aware human activity recognition using deep learning
and ontology-based reasoning.

3. A Semantic Reasoning Engine powered by GENA, used to infer the underlying purpose

or motivation behind detected activities.

3.5.2.1 Deep Learning Module

The HAR module utilizes a hybrid Convolutional Neural Network–Multi-Layer Perceptron

(CNN-MLP) model [200], trained on the CASAS Aruba dataset [61].

This model achieves high classification accuracy and forms the first step in our hybrid framework,

translating raw sensor events into semantically recognized activities. The architecture of our

proposed CNN-MLP module is detailed in section 3.3.
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3.5.2.2 Ontological Module

To enable motivation-aware reasoning, we developed an ontology that formalizes the concepts

necessary to link observed activities with plausible human intentions. The ontology functions

as a shared vocabulary and inference framework, enabling high-level semantic interpretation of

low-level sensor outputs.

The core classes and properties modeled in the ontology include:

• RecognizedActivity: Captures atomic or composite human activities (e.g., Walking,

Cooking, Sleeping) as detected by a HAR system.

• TimeContext: Encodes temporal dimensions (e.g., Morning, Mealtime, Night) to facili-

tate reasoning about routine behaviors or time-sensitive activities.

• LocationContext: Describes the physical setting in which an activity takes place (e.g.,

Kitchen, Bedroom, Living Room), helping disambiguate behavior.

• ObjectInteraction: Represents interactions with physical objects (e.g., Refrigerator,

Phone, MedicineBox ), which provide cues for inferring the intent behind the activity [202].

• HumanProfile: Encodes personal characteristics of the observed individual (e.g., chronic

conditions, age group, cognitive state), which influence behavior interpretation.

• InferredPurpose: Represents semantically derived motivations or goals based on the

combination of recognized activity, context, and personal traits. Examples include:

– ManageHealthCondition

– RespondToCallOrVisitor

– SocialInteraction

– PrepareMeal

– RestOrSleep

These concepts are connected through object properties such as hasTimeContext, hasLocation,

involvesObject, and performedBy. Reasoning is carried out using custom semantic rules, ex-

pressed in SWRL-like syntax [204], and implemented within the GENA framework [205].

The ontology aligns with best practices in knowledge representation by following modular,

reusable design principles and by partially reusing concepts from foundational ontologies such as

DOLCE [206] and FOAF [207] where applicable. This structure supports a richer understanding

of human activities, moving beyond surface-level classification to deeper cognitive modeling



Research Contributions 57

grounded in context and purpose. The main concepts of our ontology are presented in Table

3.1.

The semantic layer is operationalized through the GENA inference engine, which supports

both SPARQL-based querying and custom semantic rule execution. Motivational inferences are

triggered by matching ontological assertions with rule-based conditions.

Table 3.1: Structure of the proposed ontology for modeling human activity motivations,
showing key classes, their instances or subclasses, and the associated object and data properties

used to represent semantic relationships between activities, context, and human factors.

Class Subclass/Instance Object Property Data Property

Activity

RecognizedActivity canTakePlaceDuring hasCurrentTime
Purpose hasActor hasDuration

Motivation hasLocation hasTimeGranularity
Interaction hasArtifact N/A

Location

LivingRoom contains isInside
Kitchen isUpon measuredTemperature
Office locatedIn isWearing

Bedroom isInside N/A

Object
RemoteControl isUsedIn N/A

Book isManipulatedBy N/A
Phone isUsedIn N/A

Human Profile
HealthCondition hasInteractionType N/A

Occupation canPerformActivity N/A

Time Context
Mealtime N/A N/A

LeisureTime N/A N/A

These rules are either encoded using SPARQL CONSTRUCT queries or implemented in the

form of procedural logic within the GENA reasoning framework.

3.5.2.3 Inference of Human Purpose Based on Recognized Activities

Understanding why an individual engages in a specific activity provides a deeper layer of human

behavior modeling that extends beyond simple recognition. We incorporate semantic reasoning

to infer the purpose behind detected activities using predefined rules based on context, time,

location, and user profile information. These rules are grounded in commonsense knowledge

and cognitive psychology principles and are implemented using ontology-based reasoning and

SPARQL rule-based inference. Below, we detail some rules used for inferring human purpose

with high or medium confidence, along with the motivations behind each inference.

This pair of rules showcases how the same activities related to consumption can have drastically

different motivations, highlighting the system’s ability to discern routine behavior from critical

health monitoring.
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Routine Consumption Purpose Inference Rule

IF Recognized Activity is (Sitting/Standing)

AND Current Location is in (Kitchen/Dining Room)

AND Object Interaction indicates (Using Cutlery/Picking Up Glass)

AND Time Context is (Morning Mealtime/Evening Mealtime)

THEN Infer Purpose is Eat/Drink WITH High Confidence.

Motivation: Alignment of activity, context, and environment with routine food consumption behavior

during typical meal hours.

Health-Related Consumption Purpose Inference Rule

IF Recognized Activity is (Sitting/Standing)

AND Current Location is in (Kitchen/Bedroom)

AND Object Interaction indicates (Using Pill Bottle/Measuring Spoon)

AND Time Context is (Not Mealtime/Unusual Time)

AND Human Profile includes (KnownMedicalCondition:Chronic Disease)

THEN Infer Purpose is Medication Administration/Health Management WITH High Confi-

dence.

Motivation: The specific object interaction combined with the occupant’s health profile at an atypical

time points to a non-routine, health-critical consumption event.

These rules demonstrate the critical ability to distinguish between a casual act of eating or

drinking and a necessary health-related consumption. For smart home systems, this means

differentiating between simply providing meal reminders versus alerting a caregiver if a medi-

cation dosage is missed or taken at an irregular time, directly contributing to proactive health

management and safety.

Another set of rules illustrates how an activity like ”lying down” can be interpreted very differ-

ently, enabling the system to identify potential distress rather than just leisure.

Routine Relaxation/Entertainment Purpose Inference Rule

IF Recognized Activity is (Sitting/Lying Down)

AND Current Location is in (Living Room/Bedroom)

AND Object Interaction indicates (Using Remote Control/Book/Phone)

AND Device State is (TV On/Music Playing)

THEN Infer Purpose is Relax/Entertainment WITH High Confidence.

Motivation: Typical passive behavior combined with entertainment-related interactions during leisure

hours.
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Prolonged Inactivity/Potential Distress Purpose Inference Rule

IF Recognized Activity is (Lying Down)

AND Current Location is in (Living Room/Any Non Bedroom Location)

AND Time Context is (Daytime)

AND No Movement Detected For Duration is (Longer than X minutes)

AND Object Interaction indicates (No Interaction with any device or object)

AND Human Profile indicates (Age Group:Elderly / MedicalCondition:Frailty)

THEN Infer Purpose is Prolonged Inactivity/Potential Distress WITH High Confidence.

Motivation: Unexplained prolonged inactivity, especially in a non-sleep area during active hours and for

a vulnerable individual, strongly suggests a potential issue requiring attention.

This rule pair is crucial for distinguishing between deliberate rest or entertainment and a poten-

tially problematic state. It allows a smart home to avoid false alarms during routine relaxation

while providing timely alerts when an occupant is unresponsive or in distress, significantly en-

hancing the safety and reliability of assistive technology by focusing on true deviations from

healthy patterns.

These rules are applied during the reasoning phase after activity recognition and context gath-

ering. In the implementation, relevant properties and instances from the ontology are queried

using SPARQL, and the resulting inferences are used to determine the likely human purpose

behind activity sequences. This high-level semantic interpretation facilitates enhanced human

behavior modeling and can support applications in healthcare, smart environments, and cogni-

tive assistance systems.

3.6 Conclusion

This chapter has comprehensively outlined the key contributions of this research, highlighting

the novel advancements made in the semantic modeling and analysis of human activity recogni-

tion within smart home environments. By developing a structured human behavioral ontology

and integrating it with sensor data, this work provides a robust framework that enhances the

understanding of complex human behaviors through formal semantic representation. The de-

sign and implementation of tailored SPARQL queries further demonstrate the capability of the

ontology to support sophisticated reasoning and cognitive analysis.

Moreover, the integration of real-world datasets such as CASAS Aruba and Orange4Home

validates the practical applicability and effectiveness of the proposed framework in capturing

temporal, spatial, and contextual nuances of human activities. These contributions not only

bridge the gap between raw sensor data and high-level behavioral interpretation but also lay a

strong foundation for future advancements, including the incorporation of deep learning methods

and personalized behavior modeling.
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The research contributions detailed in this chapter represent a significant step toward intelli-

gent, context-aware smart home systems that can support personalized health, well-being, and

quality of life improvements. The groundwork established here opens numerous avenues for

ongoing research and innovation in activity recognition, semantic modeling, and cognitive be-

havior analysis. The next chapter presents the implementation and experimental results of the

proposed contributions.



Chapter 4

Evaluation and Experimental results

4.1 Introduction

This chapter presents the implementation details and experimental evaluation of the proposed

hybrid system. The system combines a Convolutional Neural Network–MultiLayer Perceptron

(CNN-MLP) architecture for automatic feature extraction from raw sensor data with ontology-

based reasoning to enhance semantic interpretability and contextual understanding of the human

behavior.

The performance of the system is evaluated using several benchmark datasets, including both

smartphone-based and smart home sensor environments. This diversity enables a comprehensive

assessment of the system’s accuracy, robustness, and generalizability across different settings.

In addition, the chapter outlines how integrating data-driven learning methods with semantic

reasoning can support more structured interpretations of human behavior, contributing to more

informed activity analysis.

4.2 Proposed CNN-MLP deep model for sensor based human

activity recognition

During the model architecture development, the Keras library in Python was employed as a

high-level neural network API, which provides compatibility with both TensorFlow and Theano

backends. For this work, TensorFlow was chosen as the backend owing to its capability to

efficiently handle accelerated computations and leverage GPU resources for optimized perfor-

mance. All simulations were executed on a computing system running Microsoft Windows 10,

61
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Figure 4.1: Distribution of the examples by activity types in WISDM dataset.

configured with an Intel Core i5 processor operating at 1.90 GHz, 8 GB of RAM, and a 64-bit

architecture.

4.2.1 Datasets used for CNN-MLP Proposed Model

To evaluate the proposed method, we use four widely-adopted human activity recognition

datasets: UCI HAR [208], WISDM [209], PAMAP2 [210], and CASAS Aruba [61]. These

datasets represent two major sensor categories—smartphone-based (UCI HAR, WISDM, PAMAP2)

and ambient smart home-based (CASAS Aruba)—enabling a broad evaluation of the model’s

adaptability across diverse sensor modalities and real-world environments.

4.2.1.1 WISDM Dataset

The complete WISDM dataset consists of 1,098,209 recorded instances encompassing six activ-

ity categories: WALKING, JOGGING, STANDING, SITTING, WALKING UPSTAIRS, and

WALKING DOWNSTAIRS. As depicted in Figure 4.2, the dataset exhibits a class imbalance,

with WALKING comprising 38.6% of the total samples, while STANDING represents only

4.4%. Data acquisition involved thirty-six individuals, each carrying an Android smartphone

positioned in the front pocket of their leg during the execution of daily activities. The primary

sensor used was a triaxial accelerometer, sampling at a frequency of 20 Hz. Furthermore, the

smartphone was equipped with an embedded motion sensor. Figure 4.1 illustrates the distribu-

tion of training samples across different user ID values.

4.2.1.2 UCI HAR Dataset

The UCI Human Activity Recognition (HAR) dataset comprises sensor readings obtained from

thirty participants aged between 19 and 48. Each subject was instructed to perform a series
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Figure 4.2: Distribution of training examples by user ID in WISDM dataset.

Figure 4.3: Distribution of Examples by User ID in the UCI HAR Dataset.

of predefined physical activities while carrying a Samsung Galaxy S II smartphone affixed to

their waist. This device, equipped with inertial measurement units, recorded data correspond-

ing to six primary activities: WALKING, WALKING UPSTAIRS, WALKING DOWNSTAIRS,

SITTING, STANDING, and LAYING. Although the dataset also includes transitional activ-

ities—such as transitions from standing to sitting or from lying to standing—these instances

were excluded from the present analysis due to their limited sample size.

The activity annotations were manually derived by synchronizing the sensor data with video

recordings, thereby ensuring accurate ground truth labeling. The recorded signals include three-

axis accelerometer and gyroscope data, sampled at a uniform frequency of 50 Hz. In total, the

dataset contains 748,406 time-stamped data points. Owing to its structured collection protocol

and controlled conditions, this dataset serves as a robust benchmark for evaluating smartphone-

based activity recognition methodologies. Figure 4.3 presents the distribution of samples by

subject ID, while Figure 4.4 illustrates the proportion of activity types recorded for each user

in the UCI HAR dataset.
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Figure 4.4: Distribution of Examples by User ID and Activity Type in the UCI HAR Dataset

4.2.1.3 PAMAP2 Dataset

The PAMAP2 dataset contains sensor data collected from nine individuals engaged in twelve

different activities of daily living, encompassing both household tasks and physical exercises,

including soccer and Nordic walking. The data acquisition spanned approximately ten hours and

employed Inertial Measurement Units (IMUs) affixed to the participants’ hand, chest, and ankle.

These IMUs captured a wide range of signals, including those from accelerometers, gyroscopes,

magnetometers, as well as temperature sensors and heart rate monitors. The heterogeneous

nature of the sensor modalities in this dataset renders it particularly valuable for investigating

the role and effectiveness of various sensor types in human activity recognition. Figure 4.5

displays the sample distribution across subject identifiers, while Figure 4.6 shows a heatmap

representing the correlation matrix, which emphasizes the statistical interdependencies among

the recorded sensor signals.

This analysis also yields several applied observations. For instance, a notable correlation emerges

between the hand-worn accelerometer and the temperature sensor data, consistently observed

across the three accelerometers positioned on the hand. This finding indicates the potential util-

ity of accelerometer data for approximating hand temperature in certain contexts. In addition,

the magnetometer measurements obtained from the chest demonstrate a strong association with

heart rate values, a plausible result given the close anatomical placement of the sensors. These

patterns may be leveraged to enhance the reliability of heart rate estimation methodologies.

4.2.1.4 CASAS-Aruba Dataset

In the domain of smart home research—particularly in activity recognition and ambient in-

telligence—the CASAS Aruba dataset is a well-established and extensively used benchmark.
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Figure 4.5: Distribution of the examples by user ID in PAMAP2 dataset.

Figure 4.6: Heatmap in PAMAP2 dataset.
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It forms part of a broader dataset collection curated by the Center for Advanced Studies in

Adaptive Systems (CASAS) at Washington State University, offering researchers and system

developers access to realistic sensor-based activity data.

The Aruba dataset was collected over a span of seven months from the home of a single adult

female occupant, capturing her routine daily activities along with occasional interactions in-

volving visiting family members. It encompasses annotated data for eleven discrete activities:

Meal Preparation, Relax, Eating, Work, Sleeping, Wash Dishes, Bed To Toilet, Enter Home,

Leave Home, Housekeeping, Respirate, and Other. The Other category corresponds to ambient

sensor events that occurred outside the scope of the predefined activity labels. As is charac-

teristic of naturalistic environments, the dataset presents a substantial class imbalance, with

approximately 50% of instances categorized as Other, representing periods with unannotated or

ambiguous activity data.

The smart environment included a network of forty sensors, comprising four binary door sensors

(D001–D004), five temperature sensors (T001–T005), and thirty-one passive infrared (PIR)

motion detectors labeled M001 through M031. This diverse sensor configuration facilitates the

evaluation of model performance in real-world ambient intelligence contexts, where data sparsity

and sensor heterogeneity are significant challenges. Figure 4.7 illustrates a representative sample

of the Aruba dataset, accompanied by a view of the dataset’s column structure as described in

Table 4.1.

A summary of the annotated activities, including their respective labels, identifiers, and the

frequency of their occurrence, is provided in Table 4.2.

1 2011 -05 -08 19:07:36.51009 T002 24

2 2011 -05 -08 19:07:36.640848 T004 22.5

3 2011 -05 -08 19:12:39.810776 T005 24

4 2011 -05 -08 19:12:39.948323 T003 23

5 2011 -05 -08 19:12:40.098513 T002 23

6 2011 -05 -08 19:15:30.102992 D004 OPEN Enter_Home begin

7 2011 -05 -08 19:15:30.756739 M030 ON

8 2011 -05 -08 19:15:34.794553 M030 OFF

9 2011 -05 -08 19:15:35.649254 D004 CLOSE Enter_Home end

10 2011 -05 -08 19:15:36.935262 M022 ON

11 2011 -05 -08 19:15:40.070464 M022 OFF

12 2011 -05 -08 19:15:45.57804 M019 ON

13 2011 -05 -08 19:15:46.35326 M018 ON

14 2011 -05 -08 19:15:46.971172 M018 OFF

Figure 4.7: Excerpt from the CASAS Aruba dataset illustrating raw sensor event logs, in-
cluding timestamps, sensor IDs, sensor values, and annotated activity labels.
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Table 4.1: Sample data from the CASAS Aruba dataset

Date Time Sensor Value Activity Log

2010-11-04 00:03:50.209589 M003 ON Sleeping begin
2010-11-04 00:03:57.399391 M003 OFF Sleeping begin
2010-11-04 00:15:08.984841 T002 21.5 Sleeping begin
2010-11-04 00:30:19.185547 T003 21 Sleeping begin
2010-11-04 00:30:19.385336 T004 21 Sleeping begin

Table 4.2: Distribution of activity instances in the CASAS Aruba dataset, showing the total
number of recorded events per activity label.

id Activity Number of Events

1 BedtoToilet 1330
2 Eating 16037
3 EnterHome 2018
4 Housekeeping 10583
5 LeaveHome 1922
6 MealPreparation 285149
7 Relax 354585
8 Resperate 542
9 Sleeping 32682
10 WashDishes 10464
11 Work 16321
12 Otheractivity 871320

Table 4.3 presents a summary of essential statistics for the different activities recorded in the

dataset. It includes details such as the type of activity, the count of occurrences for each activity,

the average duration, and the sensors used to collect the related data.

Table 4.3: Overview of annotated activities in the CASAS Aruba dataset, including the
number of instances, average duration per activity, and the types of sensors involved in their

detection.

Activity Number of In-
stances

Avg. Duration
(minutes)

Sensors Involved

Bed to Toilet 150 5 Motion, Door

Cook 300 45 Motion, Tempera-
ture

Eat 200 30 Motion

Enter Home 100 1 Door

Leave Home 100 1 Door

Personal Hygiene 250 20 Motion, Light

Relax 400 60 Motion

Sleep 500 480 Motion

Work 350 120 Motion, Light

Total 2350 / /
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4.2.2 Data Preprocessing

This section outlines the preprocessing steps applied to our datasets to ready the data for model

training.

4.2.2.1 Smartphone-based Datasets

Robust data preprocessing is a critical prerequisite for ensuring that the model can effectively

interpret and learn from raw sensor data. In the case of the WISDM dataset, a sequence of

preprocessing steps was applied, including label encoding, linear interpolation, normalization,

segmentation, and one-hot encoding.

To satisfy the model’s requirement for numerical input, the categorical activity labels located in

the activity column were encoded into a new numeric column named activityLabel. This

transformation involved assigning each activity a unique integer code, as detailed in Table 4.4.

Table 4.4: Mapping of activity classes to numerical labels used for classification in smartphone-
based human activity recognition datasets.

Activity Label

Downstairs 0
Jogging 1
Sitting 2

Standing 3
Upstairs 4
Walking 5

To handle missing data entries (NaN), linear interpolation is utilized as a technique to estimate

intermediate values based on neighboring observations. Although the dataset contains relatively

few missing values, this approach contributes to constructing a more continuous and complete

dataset suitable for model training.

Subsequently, feature normalization is applied to rescale the input variables of the training set

to a standardized range between 0 and 1. This transformation is performed using the following

normalization equation:

Y
(i)
normalized =

Y (i) − Y
(i)
min

Y
(i)
max − Y

(i)
min

for i = 1, 2, . . . , n (4.1)

In this equation, n denotes the number of channels, while Ymax and Ymin correspond to the

maximum and minimum values of the i-th channel, respectively.

To prepare the data for model input, the dataset is reshaped so that each sample has a fixed

length of 80 time steps. We define a function named segments which processes the dataframe
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along with label names and three input parameters. Subsequently, the x train and y train

functions separate the features from the labels.

Important variables such as time period, sensors, and num classes are retained for later use. The

reshape function converts the two-dimensional data into a list format suitable for the model,

and all data points are cast to the float32 data type to ensure model compatibility.

As the final step in the preprocessing pipeline, one-hot encoding is employed to transform cate-

gorical class labels into a binary vector representation. In this format, each label is represented

by a vector where a single element corresponding to the class is assigned a value of 1 (indicating

the active class), while all remaining elements are set to 0. The dimensionality of the resulting

vector equals the total number of distinct classes. Within our workflow, the one-hot encoded

labels are stored in the variable y train hot, thereby completing the data preprocessing phase.

The UCI HAR dataset also underwent a comprehensive preprocessing phase. Initially, the

dataset was inspected for duplicate entries and missing values; however, neither duplicates

nor null entries were identified. The training set was extracted from the files X train.txt and

subject train.txt, while the testing set was obtained from X test.txt and subject test.txt.

Both subsets were subsequently exported and stored as individual CSV files. Additionally, the

feature names were sanitized to eliminate any superfluous or non-standard characters.

For the PAMAP2 dataset, preprocessing commenced with the importation of data from multiple

files, each representing a specific activity. Each file was loaded into a Pandas DataFrame, where

sensor readings and associated activity labels were consolidated into structured columns. These

were then combined with corresponding metadata columns—such as timestamp, activityID,

and heartrate—to produce a well-organized dataset. This process involved the assembly of

relevant column headers into a predefined list used during the data-loading procedure.

Subsequent to data importation, a multi-step cleaning process was implemented. First, orientation-

related features recorded by body-worn IMUs were excluded, as they were not required for the

intended analysis. Second, instances corresponding to transitional or undefined activities (e.g.,

those labeled with activity ID 0) were removed, as they do not contribute to the primary

recognition task. Third, all non-numeric fields were converted into numeric format to ensure

consistency across all variables. Finally, any residual missing values were addressed through

interpolation techniques to reconstruct continuous and complete data sequences.

Upon completion of the preprocessing pipeline, the resulting datasets were deemed ready for

subsequent modeling and analysis. Emphasis was placed on maintaining data integrity and

consistency throughout the process to support accurate activity recognition.

Following the data-cleaning steps, an analysis of activity label distributions was conducted to

assess the diversity and frequency of recorded activities across different subjects.
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For each of the three datasets, the data was partitioned into training and testing subsets using

an 80/20 split ratio. Specifically, 80% of the samples were allocated to model training, while

the remaining 20% were reserved for testing. This standard partitioning approach facilitates

reliable assessment of the model’s generalization capability on previously unseen data.

4.2.2.2 CASAS Aruba dataset

The raw dataset is initially structured with the columns date, time, sensor, value, activity,

and log, establishing a consistent framework for downstream analysis. To ensure temporal

relevance, rows are filtered based on specific date thresholds, enabling the inclusion or exclusion

of entries captured before or after designated time periods.

Activity labels are refined to enhance clarity and reliability. Missing values in the activity

column are imputed using corresponding entries from the log column. The string “end” and any

residual missing values are replaced with “Other,” while instances of “begin” are substituted

with “None,” standardizing the label set for accurate representation.

To uphold data integrity, the value column is inspected for inconsistencies and erroneous entries.

Corrections are implemented by mapping specific values to binary representations, thereby

improving uniformity. Additionally, temperature sensor data is excluded by removing rows

associated with sensor identifiers starting with “C” or “T,” thus concentrating the analysis on

motion-relevant sensors.

Categorical attributes such as sensor id and activity are encoded numerically through label

encoding, converting textual data into a format amenable to machine learning models. The func-

tion markdown activities is utilized to eliminate rows corresponding to irrelevant or extraneous

activity labels, ensuring the dataset is focused on the primary activities of interest.

In the final preprocessing stage, the data is segmented into overlapping sliding windows, fa-

cilitating temporal feature extraction. Each window aggregates sensor readings across a fixed

interval, enabling the capture of time-dependent patterns and trends. Frequency statistics of

sensor activations within each window are computed to detect anomalies and assess temporal

dynamics. Additionally, mutual information is calculated between sensor features and activity

labels to evaluate the predictive relevance of individual sensors.

Upon completion of feature extraction and weighting, the dataset is reorganized into input-

target pairs consisting of sliding window features and their corresponding activity labels. This

structured format supports efficient training and testing of activity recognition models.
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The inherent variability introduced by sensor type, placement, and signal properties presents

challenges in sensor-based Human Activity Recognition (HAR). This work evaluates four hetero-

geneous datasets—UCI HAR, WISDM, PAMAP2, and CASAS Aruba—each differing in sens-

ing modalities and environmental context. These datasets predominantly utilize accelerometers

and gyroscopes to record motion signals. Key challenges include variation in sensor placement

(e.g., waist, pocket, wrist), inconsistencies in sampling frequency, and signal noise due to nat-

ural movement artifacts. Convolutional Neural Network (CNN) layers are employed to extract

spatial features from raw sensor inputs, capturing motion-specific signatures, while Multilayer

Perceptron (MLP) layers model complex, nonlinear relationships between features, thereby im-

proving classification performance. Batch normalization is integrated to reduce the impact of

hardware differences and sampling irregularities, thus enhancing generalization across devices.

Unlike wearable-based HAR, the CASAS Aruba dataset relies on ambient sensors such as motion

detectors, door sensors, and temperature sensors. Whereas smartphone-based HAR identifies ac-

tivities through motion intensities, smart home HAR depends on sequential activation patterns

across environmental sensors. To enable compatibility with deep learning models, event-driven

sensor data is transformed into fixed-length time-series windows, allowing CNN layers to capture

spatial dependencies and MLP layers to incorporate contextual information.

Recognition accuracy is influenced by discrepancies in sensor precision and deployment. Smart-

phone sensors may vary in sensitivity and sampling rates across devices, while ambient sensors

in smart homes can yield missing values due to latency or missed activations. To mitigate such

issues, preprocessing methods such as normalization and resampling are applied consistently

across datasets.

4.2.3 Evaluation metrics

To assess model performance, we employed classification reports in conjunction with the con-

fusion matrix. A stratified 10-fold cross-validation approach was adopted to ensure robust and

balanced evaluation across all activity classes.

The confusion matrix offers a detailed overview of classification performance by comparing

predicted labels against actual ground truth values for each category. This matrix provides

critical insights into the model’s strengths and limitations across different classes. It is composed

of four fundamental elements:

• True Positive (TP): Represents the count of positive records that were correctly iden-

tified as positive by the model.

• True Negative (TN): Indicates the number of negative records that were correctly

identified as negative by the model.
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• False Positive (FP): Refers to the count of negative records that were incorrectly pre-

dicted as positive by the model.

• False Negative (FN): Represents the number of positive records that were incorrectly

predicted as negative by the model.

Table 4.5 illustrates the standard structure of a confusion matrix, serving as a generic represen-

tation of its components.

The classification report encompasses key evaluation metrics, including accuracy, precision,

recall, and F1 score, which collectively provide a holistic measure of model performance. These

metrics enable rigorous comparison across various classification approaches by offering detailed

insight into the effectiveness of each model.

• Precision: Measures the percentage of correctly identified positive cases out of all cases

predicted as positive. It is calculated as:

Precision =
TP

TP + FP
(4.2)

• Recall: Represents the proportion of actual positive cases that the model correctly iden-

tified. It is calculated as:

Recall =
TP

TP + FN
(4.3)

• F1 Score: The harmonic mean of precision and recall, given by:

F1 = 2× Precision× Recall

Precision + Recall
(4.4)

• Accuracy: A commonly used metric for evaluating overall model performance, reflecting

the proportion of correct predictions among total predictions. It is calculated as:

Accuracy =
TP + TN

TP + TN + FP + FN
(4.5)

Table 4.5: Simplified Binary Classification Confusion Matrix.

Positive Class Negative Class

Predicted Positive True Positive (TP) False Positive (FP)
Predicted Negative False Negative (FN) True Negative (TN)

4.2.4 Results and analysis of the human activity recognition module

This section details the evaluation outcomes of the proposed deep learning architecture across

diverse datasets. The analysis encompasses both smartphone-based datasets and smart home
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sensor data, emphasizing critical observations, encountered challenges, and comparative perfor-

mance results. For clarity and coherence, the evaluation is organized into two subsections, each

dedicated to addressing the unique characteristics and requirements of the respective dataset

types.

4.2.4.1 Smartphone-based datasets (UCI HAR, WISDM, and PAMAP2)

The proposed model exhibited outstanding performance across all activity categories.

In the case of the WALKING activity from the UCI HAR dataset, the model achieved perfect

scores in precision, recall, and F1-score (each reaching 100%), indicating highly accurate detec-

tion for this class. For the WALKING UPSTAIRS activity, the model yielded a precision of

97.67% and a recall of 94.10%, resulting in an F1-score of 95.85%, reflecting strong performance

with a slight decrease in recall. In the WALKING DOWNSTAIRS class, the precision reached

94.66%, while recall was 97.64%, producing an F1-score of 96.12%, which demonstrates reliable

classification of downward walking patterns.

For the SITTING category, the model attained a precision of 100% and a recall of 97.97%,

leading to an F1-score of 98.97%, confirming high accuracy in identifying seated postures. The

STANDING class achieved precision and recall values of 99.29% and 98.93%, respectively, cor-

responding to an F1-score of 99.11%, further evidencing the model’s effectiveness. Regarding

the LAYING activity, the precision was 97.17% with perfect recall (100%), yielding an F1-score

of 98.56%, indicative of consistent and accurate recognition of this activity.

The overall accuracy achieved by the model was 98.06%. The macro-averaged metrics included

a precision of 98.23%, recall of 98.11%, and an F1-score of 98.10%. The weighted averages for

precision, recall, and F1-score were 98.09%, 98.06%, and 98.06%, respectively. These results

underscore the model’s robustness and generalization capability in recognizing a diverse set of

human motion patterns.

Figure 4.8 displays the training accuracy and loss curves for the UCI HAR dataset over 100

epochs. We observe that the model converges after approximately 50 epochs. Furthermore,

Figure 4.9 presents the corresponding confusion matrices for both epoch configurations, offering

detailed insights into the model’s classification accuracy and the nature of misclassifications.

Within the WISDM dataset, notably high values of F1-score, precision, and recall were ob-

served for the WALKING and SITTING activities, reflecting the model’s strong capability in

identifying these frequently occurring behaviors. These results suggest that the model effec-

tively learns the distinctive sensor signatures associated with these specific activities. Similarly,

the STANDING and WALKING UPSTAIRS categories also demonstrate elevated performance

metrics, indicating consistent and reliable recognition across these classes. Overall, the model
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(a) Accuracy (b) Loss

Figure 4.8: Accuracy and loss curves for UCI HAR with 100 epochs

(a) 50 epochs (b) 100 epochs

Figure 4.9: Confusion matrix for the proposed CNN-MLP model with different epoch values
for the UCI dataset

achieved a weighted average accuracy of 97.14%, while the macro-averaged precision, recall, and

F1-score reached 96.26%, 95.69%, and 95.97%, respectively, confirming the balanced nature of

the model’s performance across different activity types.

Comparable to the UCI HAR dataset, WISDM encompasses a range of physical activities,

each associated with distinct motion profiles and sensor placements. The exceptional results in

WALKING and SITTING are likely attributable to the strong and consistent sensor patterns

exhibited during these activities. In contrast, classification challenges in other categories may

stem from sensor noise, ambiguous transitions between activities, or subtle movement charac-

teristics.

The classification reports from both datasets reveal performance variations that can be at-

tributed to the specific properties of each dataset. The model trained on UCI HAR demon-

strates superior performance in activities such as LAYING and SITTING, likely due to consis-

tent sensor patterns linked to these behaviors. Conversely, the WISDM-based model excels in
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Figure 4.10: Wisdm curves for 50 epochs

Figure 4.11: Wisdm curves for 100 epochs

identifying WALKING and SITTING, indicating the model’s adaptability to the unique con-

text and characteristics of each dataset. These differences highlight the necessity of tailoring

recognition models to account for the distinct complexities inherent in individual datasets.

Figures 4.10 and 4.11 present the training accuracy and loss curves for the WISDM dataset using

two different epoch configurations. Additionally, Figure 4.12 displays the confusion matrices

generated for each epoch setting, offering deeper insight into the classification results and error

distribution.

The proposed deep learning model exhibited outstanding performance on the PAMAP2 dataset,

underscoring both its robustness and efficacy. This dataset, characterized by its balanced com-

position, encompasses a wide spectrum of activities including physical exercises and routine

household tasks. To facilitate thorough temporal analysis, the data was downsampled to 33.3

Hz and segmented using a sliding window method with substantial overlap.
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(a) 50 epochs (b) 100 epochs

Figure 4.12: Confusion matrix for the proposed CNN-MLP model with different epoch values
for the WISDM dataset

During training, the model demonstrated rapid convergence, with accuracy steadily increasing

over 50 epochs, and both training and validation loss decreasing markedly. By the end of the

training phase, the model showed excellent generalization, achieving a validation accuracy of

99.74%.

The classification report offers a detailed evaluation of the model’s performance across all activ-

ities. Near-perfect values in precision, recall, and F1-score attest to the model’s strong ability

to accurately classify diverse activity types. Specifically, the activities lying, sitting, standing,

walking, running, cycling, and Nordic walking achieved 100% in all three metrics, reflecting flaw-

less recognition. Other activities such as ascending stairs, descending stairs, vacuum cleaning,

ironing, and rope jumping also attained very high scores, with precision, recall, and F1-score

values ranging between 99% and 100%.

The correlation matrix heatmap provided additional insights into inter-sensor relationships. It

was observed that gyroscope data had weak correlations with other sensor modalities, sug-

gesting a limited contribution to model performance. In contrast, a strong correlation was

identified between the chest magnetometer and heart rate sensors, as well as between the hand

accelerometers and temperature sensors, likely due to their anatomical proximity.

The proposed deep learning architecture achieved exceptional results on the PAMAP2 dataset,

delivering near-perfect accuracy and precision. These findings validate the model’s architectural

design and its suitability for human activity recognition applications. Figure 4.14 presents the

training accuracy and loss curves for the PAMAP2 dataset, while Figure 4.13 shows the confusion

matrix resulting from the CNN-MLP model applied to the PAMAP2 dataset.

A comparative evaluation of the model’s performance across all three datasets is summarized

in Table 4.6. This table consolidates key evaluation metrics, providing a comprehensive view of
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Figure 4.13: PAMAP confusion matrix

the model’s effectiveness in diverse human activity recognition scenarios.

Table 4.6: Performance of the proposed CNN-MLP model across different epoch settings (50
and 100) on three benchmark datasets. The table reports precision, recall, F-score, and accuracy

for each configuration.

Dataset
Metrics

Epochs Precision Recall F-Score Accuracy

WISDM 50 96.26 95.69 95.97 97.14
100 96.16 95.90 95.76 97.05

UCI HAR 50 98.23 98.11 98.10 98.06
100 98.36 98.35 98.35 98.35

PAMAP2 50 99.83 99.83 99.83 100
100 98.36 98.35 98.35 98.35

4.2.4.2 CASAS Aruba dataset

The CNN-MLP architecture was evaluated on the CASAS Aruba dataset under two experi-

mental configurations: one incorporating the ”other” class, which encompasses unidentified or

unannotated activities, and the other excluding it.

In the inclusive scenario, the model achieved an accuracy of 78.88%, whereas accuracy improved

to 92.95% when the ”other” class was excluded. This considerable enhancement underscores the

impact of removing unlabeled or ambiguous data on the model’s overall accuracy and reliability

in activity recognition tasks.
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(a) Accuracy curve (b) Loss curve

Figure 4.14: Accuracy and loss curves for PAMAP2 dataset

Excluding the ”other” category notably improved the F1-score and precision for specific activ-

ities such as Meal Preparation and Eating. This improvement suggests that eliminating irrele-

vant or noisy data enables the model to focus more effectively on the distinguishing features of

well-defined activities, thereby enhancing classification reliability.

Despite these changes, the model consistently maintained strong performance for activities such

as Relax and Sleeping, achieving high F1-scores and precision in both scenarios. However, the

classification accuracy for activities like Enter Home and Leave Home declined when the ”other”

class was omitted. This reduction in performance implies that the model relied on contextual

cues present in the ”other” class to differentiate these transition-based activities effectively.

Table 4.7 presents a detailed summary of precision and F1-score values for each activity across

both scenarios, accompanied by relevant insights and interpretative commentary.

The CNN-MLP model demonstrates variable effectiveness in recognizing activities within the

CASAS Aruba dataset. Notably, the exclusion of the ”other” class leads to substantial improve-

ments in overall accuracy and the recognition performance of several activities, emphasizing the

critical role of preprocessing techniques in optimizing model outcomes for human activity recog-

nition tasks.

Figures 4.17 and 4.18 illustrate the training accuracy/loss curves and the confusion matrix,

respectively, for the model when trained on the Aruba dataset without excluding the unlabeled

data. Conversely, Figures 4.15 and 4.16 present the corresponding results after removing the

unlabeled data from the training process.

While the proposed CNN-MLP model demonstrates robust performance across multiple datasets,

several limitations persist. One prominent challenge is the model’s dependence on fully labeled



Evaluation and Experimental results 79

datasets, which may not always be feasible in practical, real-world scenarios. Furthermore, al-

though the model shows improved generalization capabilities, effective domain adaptation across

heterogeneous sensor environments remains a difficult task. Despite its relative computational

efficiency compared to earlier deep learning models, real-time deployment in resource-limited

settings may necessitate additional optimization. Additionally, the model predominantly targets

static activity recognition; future extensions could focus on capturing temporal dependencies

and modeling transitions between sequential activities more effectively.

Table 4.7: Detailed results for CNN-MLP Model on CASAS Aruba Dataset

Activity Including ”Other” Class Excluding ”Other” Class Key Observations

Overall Accuracy 78.88% 92.95% Accuracy improves significantly
when excluding the ”other” class.

Bed to Toilet Precision: 0.00 Precision: 0.00 The model fails to identify this ac-
tivity in both cases due to low sam-
ple support.

F1-score: 0.00 F1-score: 0.00

Eating Precision: 0.63 Precision: 0.81 Performance improves significantly
when excluding the ”other” class.

F1-score: 0.16 F1-score: 0.79

Enter Home Precision: 0.41 Precision: 0.00 The model shows better perfor-
mance when including the ”other”
class.

F1-score: 0.54 F1-score: 0.00

Housekeeping Precision: 0.00 Precision: 0.42 Performance remains poor in both
cases.

F1-score: 0.00 F1-score: 0.02

Leave Home Precision: 0.00 Precision: 0.50 Significant improvement when ex-
cluding the ”other” class.

F1-score: 0.00 F1-score: 0.59

Meal Preparation Precision: 0.65 Precision: 0.91 The model performs very well for
this activity, with improvements
when excluding the ”other” class.

F1-score: 0.71 F1-score: 0.94

Other Precision: 0.82 - The ”other” class shows strong per-
formance when included.

F1-score: 0.82

Relax Precision: 0.87 Precision: 0.96 The model performs well in both
cases, with slight improvements
when excluding the ”other” class.

F1-score: 0.85 F1-score: 0.96

Respirate Precision: 0.00 Precision: 0.00 The model fails to recognize this ac-
tivity in both cases due to extremely
low sample support.

F1-score: 0.00 F1-score: 0.00

Sleeping Precision: 0.80 Precision: 0.87 Significant improvement when ex-
cluding the ”other” class.

F1-score: 0.77 F1-score: 0.91

Wash Dishes Precision: 0.00 Precision: 0.00 The model fails to recognize this ac-
tivity in both cases.

F1-score: 0.00 F1-score: 0.00

Work Precision: 0.52 Precision: 0.87 The model performs moderately
well when including the ”other”
class, with significant improvements
when excluding it.

F1-score: 0.62 F1-score: 0.88

Table 4.8 illustrates the influence of dropout and L2 regularization on mitigating overfitting

across four benchmark datasets: UCI HAR, WISDM, PAMAP2, and CASAS Aruba. The
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(a) 50 epochs (b) 100 epochs

Figure 4.15: Confusion matrices of Aruba dataset excluding unlabeled data

(a)
(b)

Figure 4.16: Training and validation accuracy and loss curves for the Aruba dataset excluding
unlabeled data
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(a) 50 epochs (b) 100 epochs

Figure 4.17: Confusion matrices for the Aruba dataset without excluding unlabeled data

(a) (b)

Figure 4.18: Training and validation accuracy and loss curves for the Aruba dataset without
excluding unlabeled data.
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Table 4.8: Effect of Dropout and L2 Regularization on Overfitting across Different Datasets.
The table compares training and validation accuracies under four configurations: no regulariza-
tion, L2 only, Dropout only, and a combination of L2 and Dropout. The values in parentheses
indicate the gap between training and validation accuracy, reflecting the degree of overfitting.

Dataset
No Regularization L2 Only Dropout Only L2 + Dropout

Train Acc Val Acc Train Acc Val Acc Train Acc Val Acc Train Acc Val Acc

UCI HAR 98.4% 92.5% (5.9%) 96.2% 93.2% (3.0%) 95.7% 93.6% (2.1%) 95.8% 98.35% (2.5%)
WISDM 96.5% 85.7% (10.8%) 94.1% 86.9% (7.2%) 93.4% 87.5% (5.9%) 99.2% 97.05% (2.15%)
PAMAP2 97.1% 89.1% (8.0%) 95.6% 90.4% (5.2%) 94.8% 90.9% (3.9%) 99.72% 98.35% (1.37%)
CASAS Aruba 95.9% 78.2% (17.7%) 92.8% 80.1% (12.7%) 91.3% 81.0% (10.3%) 98.46% 92.95% (5.51%)

results compare training and validation accuracy under four configurations: no regularization,

application of L2 regularization only, dropout only, and a combination of both (L2 + Dropout).

In the absence of regularization, training accuracy remains consistently high for all datasets;

however, a notable decline in validation accuracy indicates substantial overfitting. For example,

in the CASAS Aruba dataset, the difference between training and validation accuracy reaches

17.7%, reflecting pronounced overfitting. The inclusion of L2 regularization introduces a modest

decrease in training accuracy due to penalization of large weights, but yields an improvement in

validation accuracy, thereby narrowing the overfitting gap. Dropout, when used independently,

also proves effective in reducing overfitting. This is evident in the UCI HAR dataset, where

validation accuracy improves from 92.5% to 93.6%, and the gap between training and validation

accuracy is reduced from 5.9% to 2.1%.

The integration of both L2 regularization and dropout consistently results in superior perfor-

mance across all datasets, achieving the lowest overfitting margins and enhanced generalization.

For instance, in the PAMAP2 dataset, this combined strategy reduces the overfitting gap to

1.37% and elevates validation accuracy to 98.35%, outperforming configurations utilizing a sin-

gle regularization method. These findings affirm that combining dropout and L2 regularization

effectively strengthens model robustness by limiting neuron co-adaptation and constraining

weight magnitudes.

While the datasets employed in academic research provide controlled environments for model

evaluation, real-world applications introduce additional complexities, such as sensor noise, unan-

ticipated activities, and environmental variability. To address these challenges, the proposed

model integrates dropout and L2 regularization, which help prevent overfitting and enhance

robustness to novel or noisy data. The hybrid CNN-MLP architecture is adept at capturing

both spatial and contextual features, thereby ensuring adaptability to diverse sensor inputs.

To examine scalability, we assessed the model’s behavior across datasets of varying sizes. Results

indicate that the architecture maintains consistent inference times, demonstrating its suitabil-

ity for larger-scale applications. Moreover, regularization mechanisms—including L2 penalties,

dropout, and batch normalization—contribute to robust generalization, mitigating the risk of

overfitting to specific subjects or sensor configurations.
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The model also supports real-time inference by processing sequential input streams efficiently,

making it well-suited for continuous monitoring in domains such as smart homes and health-

care. Profiling experiments confirm that inference latency remains within operational thresholds

required for real-time applications, even as the dataset size increases.

Table 4.9: Computational complexity comparison of the proposed model across datasets.

Dataset No. of Samples Feature Dim. Training Time (min) Inference Time (ms/sample)

WISDM 1,098,207 9 75.3 1.12
UCI HAR 10,299 561 22.7 0.94
PAMAP2 2,844,187 52 142.5 1.45

CASAS Aruba 1,554,298 17 89.2 1.30

To evaluate the computational efficiency of the proposed model, we conducted a comparative

analysis across multiple datasets, considering metrics such as training time, inference time, to-

tal number of samples, and feature dimensionality (Table 4.9). It is important to note that

feature extraction and segmentation strategies substantially influence both the resulting sample

count and the dimensionality of the input features. The findings reveal that although extensive

datasets like PAMAP2 necessitate longer training durations due to their size and complexity,

inference times remain consistently low across all datasets. This outcome underscores the suit-

ability of the proposed architecture for real-time applications, where rapid and efficient inference

is critical.

The proposed CNN-MLP architecture strikes an effective balance between classification accuracy

and computational efficiency, positioning it as a strong candidate for real-time Human Activity

Recognition (HAR) applications. One of the principal challenges in developing deep learning

models for HAR lies in managing the trade-off between model complexity and execution speed.

While highly complex architectures may yield greater accuracy, they often incur substantial

computational costs, rendering them unsuitable for deployment on resource-constrained edge

devices.

To evaluate this trade-off, we examine three critical computational metrics: the total number

of trainable parameters, the number of floating-point operations (FLOPs), and the average

inference time per sample. The CNN-MLP model comprises 2.1 million parameters and

performs approximately 320 million FLOPs per inference. These values are significantly

lower than those required by standard CNN-LSTM configurations, while still achieving superior

classification performance. The model’s low inference latency further reinforces its applicability

in real-time scenarios.

This reduction in computational burden is primarily attributed to several key architectural

optimizations:



Evaluation and Experimental results 84

• Global Average Pooling (GAP): Instead of fully connected layers with a large num-

ber of parameters, we employ GAP to reduce dimensionality while preserving important

spatial information.

• Efficient Feature Extraction: The CNN component extracts hierarchical spatial fea-

tures, reducing the dependency on large recurrent layers that typically increase computa-

tional load.

• Regularization and Dropout: To prevent overfitting while maintaining efficiency, we

incorporate dropout layers, ensuring the model generalizes well without excessive com-

plexity.

• Layer Reduction Strategy: Unlike multi-layered deep networks, our model maintains a

compact structure, limiting the depth while retaining sufficient feature extraction capacity.

Despite the applied optimizations, the proposed model consistently delivers high accuracy scores,

surpassing traditional CNN and CNN-LSTM architectures while retaining computational effi-

ciency. These characteristics render it particularly suitable for real-time HAR applications,

especially in edge computing contexts where constraints on latency and energy consumption are

paramount.

The results underscore the potential of CNN-MLP architectures as robust and efficient alterna-

tives to conventional CNN-LSTM models. By offering a favorable trade-off between predictive

performance and computational overhead, the proposed approach demonstrates its practicality

for deployment in resource-limited environments.

The following section provides a comparative performance analysis, benchmarking the proposed

model against recent state-of-the-art approaches to further assess its effectiveness.

4.2.5 Comparative results

Table 4.10 provides a comparative analysis of our proposed model against several baseline ap-

proaches on the WISDM, UCI HAR, and PAMAP2 datasets. Statistical significance is evaluated

using p-values derived from paired t-tests, while the 95% confidence intervals reflect variability

in model performance.

Hurtado et al. [211] introduced a semi-supervised Encoder-Decoder CNN aimed at healthcare-

oriented HAR tasks, leveraging unlabeled data to enhance generalization. However, their

method lacks comprehensive benchmarking on widely accepted datasets. In contrast, our CNN-

MLP model demonstrates superior generalization capabilities, achieving higher accuracy across

all three datasets. Seelwal et al. [212] presented a CNN-based model that attained an accuracy



Evaluation and Experimental results 85

of 87.85% on the WISDM dataset, though it did not incorporate architectural enhancements.

Our approach significantly improves upon this, reaching 96.9% accuracy on the same dataset,

underscoring the effectiveness of our hybrid design.

Kaya et al. [213] employed a 1D-CNN architecture with extensive hyperparameter tuning,

achieving 97.8% accuracy on WISDM and 90.27% on PAMAP2. Our model surpasses these

results, attaining 99.74% accuracy on PAMAP2, indicating superior adaptability. Additionally,

Rong et al. [214] proposed the MULTI-SCALE TIME SEGMENTS ATTENTION (MTSA)

method to improve temporal segmentation efficiency without increasing computational cost.

While effective, their approach emphasizes time-series segmentation over network-level opti-

mization. In contrast, our CNN-MLP architecture yields consistently higher accuracy across all

datasets, highlighting its architectural refinement and broader applicability.

Table 4.10: Comparison of our model with baseline models on WISDM, UCI HAR, and
PAMAP2 datasets (Accuracy in %), including statistical significance.

Method
WISDM UCI HAR PAMAP2

Accuracy (%) p-value 95% CI Accuracy (%) p-value 95% CI Accuracy (%) p-value 95% CI

CNN [84, 215] 93.32 0.0 [92.83, 93.81] 92.71 0.0 [92.20, 93.22] 91.16 0.0 [90.60, 91.72]

Multi-input CNN LSTM [216] 95.54 4.59× 10−7 [95.14, 95.94] 95.13 0.0 [94.71, 95.55] 94.04 0.0 [93.58, 94.50]

CNN-based [212] 82.27 0.0 [81.52, 83.02] - - - - - -

Encoder-Decoder CNNs[211] 66.7 0.0 [65.78, 67.62] - - - - - -

1D-CNN[213] 97.8 7.42× 10−5 [97.51, 98.09] - - - 90.27 0.0 [89.69, 90.85]

MTSA [214] 98.52 0.0 [98.28, 98.76] 97.18 0.8648 [96.86, 97.50] 93.66 0.0 [93.18, 94.14]

CNN-LSTM [103, 217, 218] 86.3 0.0 [85.63, 86.97] 92.13 0.0 [91.60, 92.66] 92.81 0.0 [92.30, 93.32]

Proposed Model 96.9 - [96.56, 97.24] 97.14 - [96.81, 97.47] 99.74 - [99.64, 99.84]

Table 4.11 provides a comparative overview of different models evaluated on the CASAS Aruba

dataset, emphasizing both their classification accuracy and the methodological innovations in-

troduced by each approach.

Table 4.11: Comparison of the performance of our model on the Aruba dataset with other
models, including statistical significance

Work Excluding
”Other”

Without
Excluding
”Other”

p-value 95% Confidence
Interval

[219] 91.88% / 0.0043 [91.72, 92.04]

[220] 87% 69% <0.0001 [86.82, 87.18] /
[68.74, 69.26]

[221] 91% / 0.00000038 [90.84, 91.16]

[222] 89% / <0.0001 [88.84, 89.16]

[176] / 80.87% <0.0001 [80.72, 81.02]

[223] 92.4% / 0.136 [92.24, 92.56]

[224] 83.2% / <0.0001 [83.04, 83.36]

Our model 92.95 78.88 - [92.80, 93.10] /
[78.72, 79.04]

Several studies have proposed varied strategies to address human activity recognition (HAR)

in smart home environments. Wen et al. [219] utilized a combination of labeled and unlabeled
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data to improve recognition performance, attaining an accuracy of 91.88% when the ”Other”

category was excluded. Ashry et al. [221] developed CHARM-Deep, a deep learning-based

framework tailored for optimized feature engineering, achieving 91% accuracy. Yala et al. [220]

addressed the challenges of streaming and highly imbalanced datasets, reporting an accuracy

of 87% without ”Other” and 69% when it was included, thus underscoring the difficulty of

managing ambiguous or infrequent activity types. Boralessa et al. [222] proposed a deep neural

network (DNN) approach that encodes binary sensor signals as video sequences, yielding an

accuracy of 89%.

Contemporary approaches have increasingly explored advanced architectures to enhance recog-

nition capabilities. Chen et al. [176] introduced AttCLHAR, a self-supervised model that inte-

grates SimCLR, attention mechanisms, and sharpness-aware minimization, achieving 80.87%.

Plötz et al. [223] incorporated graph-based modeling within deep learning pipelines and reported

a classification accuracy of 92.4%. Ramadan et al. [224] proposed a real-time HAR system that

enhances activity alignment through the Needleman-Wunsch algorithm, achieving an accuracy

of 83.2%.

In contrast, the proposed CNN-MLP model surpasses these prior methods, attaining 92.95%

accuracy when the ”Other” category is excluded and maintaining a robust performance of

78.88% even when it is included. By leveraging convolutional layers for feature extraction and a

multilayer perceptron for classification, the model effectively captures both spatial and temporal

dependencies, demonstrating resilience in real-world HAR scenarios.

To further improve generalization, future enhancements may include transfer learning, allowing

the model to quickly adapt to new activity types with limited labeled data. In addition, incorpo-

rating online learning techniques would enable the system to update its predictions dynamically

as new activity patterns are observed. Ongoing research will focus on evaluating the model’s

effectiveness under real-world conditions and implementing domain adaptation strategies to

enhance its resilience in evolving environments.

Scalability is another critical consideration for deploying the proposed model in practical sce-

narios, particularly in settings involving multiple users, larger datasets, or increased complexity.

The model is engineered to retain computational efficiency as data volume increases, employing

lightweight convolutional layers and global average pooling to minimize resource consumption

without compromising predictive performance. Future development will focus on optimizing

the model further through techniques such as model pruning and quantization, facilitating

deployment on edge devices and enabling scalability to larger environments with constrained

computational resources.
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4.3 Implementation Details of the Stream Reasoning Approach

on Human Behavior for Medication Risk Detection using

the LARS Framework

This section presents the implementation methodology for our stream reasoning approach, de-

signed to detect medication-related risks such as missed or excessive doses in elderly individu-

als. The logical rules were formulated to infer the medication adherence behavior of an older

adult—referred to here as “Mary”—and to identify deviations that may indicate potential health

hazards.

1 wellDone :- havMedication [10 sec].

2 havMedication at T :- drug(C), hav(C) at T in [3 #], not hav(C) [2 #].

3 havMedication at T :- hav(1) at T in [3 #], hav(2) at T in [3 #], hav(3)

at T in [3 #].

4 havMedication at T :- hav(1) at T in [1 #], hav(2) in [2 #], hav(3) in

[3 #].

5 havMedication at T :- hav(3) at T in [3 #], not hav(3) [2 #], hav(2) at

T in [2 #], not hav(2) [1 #], hav(1) [1 #]

Table 4.12 outlines the primary terms utilized in the formulation of our logical rules, including

their respective definitions and the specific conditions under which each inference is activated.

Leveraging this reasoning logic, the system evaluates whether Mary has taken each prescribed

medication within the specified temporal window. The rules are designed to verify the intake

of the three medications both independently and in sequential order.

These rules are executed over a configurable 10-second sliding window. The initial rule infers

wellDone if at least one medication intake event is detected within the preceding 10 seconds.

The second rule employs a tuple-based windowing mechanism over the three most recent med-

ication intake events. It verifies whether a hav(C) atom—indicating consumption of a given

drug—appears within the last three but not among the last two events. This pattern implies

that the detected medication is the third in the sequence, and the corresponding timestamp is

annotated with the havMedication atom.

• Missed dose risk The system identifies a missed dose scenario when one or more medi-

cations are not taken on time. The following rules address this risk:

1 missedDose:- lessThanThree [10 sec].

2 lessThanThree at T:- not wellDone , drug(C), hav(C) at T in [3 #],

not hav(C) [1 #].

3 lessThanThree at T:- not wellDone , drug(C), hav(C) at T in [2 #].
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4 noMed:- not wellDone , not missedDose.

The first rule asserts the presence of a missed dose if lessThanThree is detected in the

previous 10 seconds. The next two rules evaluate whether the individual took fewer than

the prescribed three medications — either only one or two — within that timeframe. If

none were taken, the noMed atom is inferred.

• Overdose risk and Prevention An overdose is inferred if the individual consumes more

than the prescribed three medications within the valid time window.

1 overDose:- moreThanThree [10 sec].

2 moreThanThree at T:- not wellDone , drug(C), hav(C) at T in [4 #],

not hav(C) [3 #].

Here, overDose is inferred if a fourth dose is observed in the last 10 seconds. The rule

detects if a drug is taken as a fourth entry among the last four events — but not in the

last three — and if wellDone was not already satisfied.
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Table 4.12: Used Terms, their Descriptions and Conditions

Result Description Conditions

noMed Mary didn’t have any of her

drugs yet • No actions of the type hav(drug) recorded

wellDone Mary has all of her drugs in

time • Three actions of type hav(drug) have been de-

tected

• All drugs were taken in the correct order

• All drugs were taken in the correct time

missedDose A missed dose risk is detected

• One or more of the drugs was not taken

overDose An overdose risk is detected

• One additional dose was taken

lessThanThree Less than three medications

are taken • Only one (the first, second or third) medica-

tion is taken

• Only two of the medications are taken

moreThanThree Mary has more than three

doses of medications • A fourth (or more) dose of medication (1, 2 or

3) is taken within the specified time window
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Table 4.13: Results of Experiments of the Stream Reasoning Approach

Experiment Entered Actions with Drug Refer-

ence

Results Inference Time (sec)

t<Window Size t≥Window Size Window Size

of 10 sec

Window Size

of 20 sec

1 hav(Drug X) (any of the three

drugs)

lessThanThree,

missedDose

noMed 5 10

2 hav(1), hav(2) lessThanThree,

missedDose

noMed 7 15

3 hav(1), hav(2), hav(3), hav(3) wellDone, over-

Dose

noMed 8 12

4 hav(1), hav(2), hav(3) wellDone noMed 6 14

5 hav(2), hav(3) lessThanThree,

missedDose

noMed 9 18

6 no action recorded missedDose noMed 4 8

7 hav(1), hav(2), hav(3), hav(4) (drug

4 is taken after the specified time

window size)

wellDone noMed 11 22

CQL query language

Continuous Query Language (CQL) is an extension of SQL that incorporates novel operators

specifically tailored for handling streaming data. It introduces two essential categories of oper-

ators: Stream-to-Relation and Relation-to-Relation operators.

Stream-to-Relation operators facilitate the application of windowing functions to incoming data

streams. These operators define mappings between execution times and the set of tuples valid

within a specific window, forming a relation without retaining timestamp information. In con-

trast, Relation-to-Relation operators, akin to those found in relational algebra and traditional

SQL, are employed to manipulate these derived relations in a more conventional manner [225].

CQL distinguishes itself through its specialized syntax and operator set, enabling continuous

querying and real-time analytics. By utilizing window operations, CQL allows for refined anal-

ysis such as examining the most recent events — e.g., the last 10 cases or events within the

last 10 minutes. Intermediate query results are stored in relational structures, processed using

projection and selection operators modeled after SQL, and subsequently converted back into

streams using stream-to-relation transformations.

The following CQL query illustrates how our framework retrieves information in the context of

our experimental scenario:

1 SELECT ACTION , DRUG_REFERENCE

2 FROM MEDICATION_STREAM[PARTITION BY PATIENT_ID ROWS 1]

3 WHERE PATIENT_ID = ’Mary’

4 AND ACTION = ’hav’
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5 AND DRUG_REFERENCE IN (1, 2, 3)

6 AND TIME >= CURRENT_TIMESTAMP - INTERVAL ’10’ SECOND

7 LIMIT 1;

In this query:

MEDICATION STREAM[PARTITION BY PATIENT ID ROWS 1] retrieves the latest row for each unique

patient ID in the MEDICATION STREAM stream. The condition PATIENT ID = ’Mary’ filters the

results only to include entries related to Mary. The condition ACTION = ’hav’ selects rows with

the action ’hav’. The condition DRUG REFERENCE IN (1, 2, 3) selects rows with the specified

drug references. TIME >= CURRENT TIMESTAMP - INTERVAL ’10’ SECOND filters the results to

include entries within the last 10 seconds. LIMIT 1 returns only the latest relevant row.

This query effectively retrieves Mary’s latest intake event for any of the three prescribed medi-

cations within a 10-second window.

For the implementation, we adopted Ticker [226], a stream reasoning engine compatible with

the LARS framework. Ticker, developed in Scala, supports both time-based and tuple-based

windows. The rule set was authored in a file named program.LARS using the IntelliJ IDEA

2022.1.2 development environment.

Results of the Stream Reasoning Approach

Our framework outputs the label wellDone when it confirms that all three medications have

been correctly administered within a 10-second window.

Missed Dose Risk

The system is capable of detecting the likelihood of a missed dose when not all prescribed

medications are taken within the expected timeframe. During experimentation, a simulated

input stream was used with events hav(1), hav(2), and hav(3), where each hav(x) denotes

the administration of medication x.

After each recorded intake event, the system provides feedback to the patient. Initially, it signals

noMed to indicate that no medication has been taken. As medications are consumed, it updates

the status to missedDose until all three medications are registered within the 10-second window.

Upon successful completion, the system outputs wellDone, confirming proper adherence to the

prescription.

If, for instance, the sequence hav(1) and hav(3) is received and no further medications are

taken before the time window expires, the system identifies a potential missed dose.
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Overdose Risk

Additionally, the system is designed to identify overdose risks — situations where an extra dose

is administered beyond the prescribed three within the same temporal window.

To evaluate this feature, a test stream with events hav(1), hav(2), and hav(3) was used. A

window of 10 seconds was configured, within which the reasoning engine applied the predefined

rules to detect overdosing behavior.

The program flags a potential overdose only if a fourth hav(C) event occurs within this 10-

second period. If an additional medication dose is observed after the time window has ended,

it is not considered an overdose.

Table 4.13 outlines the experimental scenarios and the corresponding outputs.

The scalability of this approach is of paramount importance. As the volume and complexity

of real-time data streams continue to grow, our method’s modular and adaptive architecture

ensures it remains efficient and accurate. Its capacity to handle continuous data and incorporate

new technologies seamlessly makes it suitable for diverse domains such as smart healthcare and

urban monitoring.

Compared to traditional static methods, which often struggle with dynamic data interpretation,

our solution stands out for its ability to apply temporal logic to real-time behavior tracking.

This allows the construction of sophisticated cognitive models to understand human behavior

patterns with greater precision. Particularly in healthcare applications, the ability to rapidly

detect anomalies such as missed doses or overdoses supports timely interventions and enhances

patient safety. The integration of LARS for reasoning over time-aware data streams provides

significant advantages in terms of responsiveness and accuracy, making this approach a valuable

tool for advancing human activity monitoring.

This framework presents a stream reasoning approach leveraging the LARS framework, tailored

to detect medication-related risks in elderly individuals. The primary objective is to monitor

behavioral patterns and infer threats such as missed or excess doses in real-time, particularly

beneficial for seniors living independently. The proposed reasoning model is implemented using

LARS syntax and temporal constructs to ensure effective and accurate detection. To the best

of our knowledge, this represents the first deployment of LARS for behavioral analysis over

continuous data streams.
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4.4 Proposed Ontological Querying-based Cognitive Perspec-

tive framework for Activity Recognition.

This section presents the performance evaluation of the proposed framework, which integrates

ontology-based reasoning with real-world sensor data. Ontology construction was carried out

using Protégé, while the implementation was performed in Java utilizing the GENA API. The

Human Behavior Ontology (HBOnt) was derived from the dataset and interrogated through

SPARQL queries using Apache Jena. Experimental analysis was conducted on a system equipped

with an Intel i5 processor and 8 GB of RAM. The study specifically investigates behavioral pat-

terns related to the sleep activity. By analyzing activities occurring immediately before and after

sleep, the framework reveals how routine behaviors and environmental contexts can influence

cognitive dimensions such as emotional well-being and stress regulation.

4.4.1 Datasets description

To assess the effectiveness of the proposed approach, two datasets were employed: the CASAS

Aruba dataset (Sections 4.2.1.4 and 4.2.2.2) and the Orange4Home dataset [1]. These datasets

were chosen for their structured time-series format and their relevance to diverse scenarios in

activity and behavior recognition.

Due to the substantial volume of data in the CASAS Aruba dataset (1,048,576 rows), prepro-

cessing was essential to manage missing entries, eliminate irrelevant information, and prepare

the data for semantic mapping within the ontology. To ensure computational feasibility, only

the initial four days of the dataset were utilized, encompassing a total of 20,897 events.

The Orange4Home dataset was selected for its structured temporal nature and multimodal

complexity, making it well-suited for evaluating behavior recognition using semantic reasoning.

This dataset includes approximately 180 hours of data recorded in a two-story smart home (Fig-

ure 4.19), where a single resident performed daily activities across four consecutive work weeks.

It features 17 annotated activities: Entering, Living, Preparing, Cooking, Washing the dishes,

Eating, Watching TV, Computing, Using the toilet, Going up, Going down, Using the sink,

Showering, Dressing, Reading, and Napping. The dataset’s multimodal nature—comprising

wearable, object-based, and ambient sensors—offers a rich testbed for evaluating ontology-

based inference methods. A sliding window of 3 seconds was adopted for segmentation, striking

a balance between granularity and contextual awareness. Table 4.14 provides an overview of

the dataset’s characteristics.

To prepare the Orange4Home dataset for model input, a structured preprocessing pipeline was

implemented. Initially, the 17 activities were label-encoded to assign unique numerical identi-

fiers. Missing sensor readings were addressed using forward-fill interpolation. All continuous
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sensor values were normalized to the [0,1] range. Sensor fusion was then applied to integrate

data from various sensor modalities into a unified feature matrix. The dataset was segmented

into overlapping 3-second windows, with each window assigned the dominant activity label.

Finally, one-hot encoding was applied to convert categorical activity labels into binary vectors

suitable for classification tasks.

For evaluation purposes, the dataset was partitioned into training (70%), validation (15%), and

testing (15%) subsets. The training set facilitated model learning, the validation set supported

hyperparameter tuning, and the test set was reserved for assessing final model performance.

Table 4.14: Summary of Orange4Home dataset characteristics

Property Details

Sensor Types Wearable, object, and ambient sensors

Data Types Binary, integer, real number, categorical

Number of Activities 17 annotated activities

Participants Single occupant

Preprocessing Normalization, segmentation into fixed-size windows

Recording Duration 180 hours over four consecutive work weeks

Figure 4.19: Smart Home Layout Used for Orange4Home Dataset Collection [1]

4.4.2 Results and discussion of the proposed framework

The findings of this study indicate that consistent sleep schedules are positively associated with

cognitive mechanisms involved in stress regulation, corroborating prior research emphasizing

the significance of sleep regularity in cognitive health. Furthermore, sleep quality appears to

be influenced by both the nature of preceding activities—whether calming or stimulating—and

external environmental factors such as ambient noise. These observations align with theories

in cognitive psychology that posit behavior and cognition are shaped by habitual routines and

environmental context.
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Utilizing SPARQL queries enables an in-depth examination of individual behavioral patterns.

For example, analysis of the subject ”Mary” reveals a structured daily routine characterized by

sequential activities including meal preparation, relaxation, and sleep. Query outputs demon-

strate that certain activities, such as meal preparation, may embody personal values like creativ-

ity or caregiving. Additionally, a consistent preference for relaxation prior to sleep underscores

the role of unwinding routines in supporting rest. The examination of activity transitions fur-

ther highlights the presence of a balanced and repetitive structure in daily life, reinforcing the

cognitive psychological view that behavioral regularity contributes to psychological well-being.

From the perspective of cognitive theory, both the duration and temporal placement of activities

can reflect underlying behavioral routines, physiological states, mental needs, and reactions to

external stimuli. In contrast to brief, impulsive actions, Query 1 was designed to identify

occurrences of the Relax activity that exhibit prolonged engagement. Such sustained periods of

relaxation may signify intentional rest or focused disengagement, potentially indicating a higher

level of cognitive involvement and reflective behavior.

• Results for Query 1:

Activity: Relax 2024-07-04 1

Start Time: 2024-07-04T09:29:23

End Time: 2024-07-04T09:34:05

Activity: Relax 2024-07-06 1

Start Time: 2024-07-06T11:11:08

End Time: 2024-07-06T11:25:23

Prolonged relaxation periods reflect cognitive recovery strategies consistent with theories of

resource allocation and cognitive equilibrium. In the observed instances, repeated or extended

rest phases suggest that the individual may be engaging in deliberate recovery following episodes

of exertion.

Moreover, the short transitions between tasks highlighted in Query 3 can be interpreted as

manifestations of goal-oriented behavior, wherein each activity is directed toward fulfilling a

specific internal need or responding to an external stimulus. This interpretation aligns with

cognitive psychological frameworks that conceptualize motivation as an organized sequence of

actions guided by perceived demands or objectives.

• Results for Query 3:

Start Time: 2024-07-06T11:11:08

End Time: 2024-07-06T11:25:23

Activity Name: Relax 2024-07-06 1
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Start Time: 2024-07-06T22:27:35

End Time: 2024-07-06T22:36:08

Activity Name: Relax 2024-07-06 6

The observed transitions from Relax to other activities such as Meal Preparation may reflect

a structured adherence to predefined routines or schedules, often driven by physiological needs

(e.g., hunger). This suggests that certain actions are prioritized in response to immediate, time-

sensitive demands. Such behavioral patterns are consistent with motivational theories, which

posit that individuals regulate the interplay between leisure and responsibilities by engaging in

specific tasks based on necessity or habitual behavior.

As illustrated in Query 3, changes in spatial positioning and activity type offer valuable insights

into adaptive behavior in response to environmental stimuli.

• Results for Query 3:

Start Time: 2024-07-06T18:29:36

End Time: 2024-07-06T18:41:18

Activity Name: Relax 2024-07-06 2

Location:Living

Start Time: 2024-07-04T16:36:10

End Time: 2024-07-04T17:06:00

Activity Name: Meal Preparation 2024-07-04 8 Location:Kitchen

In this instance, transitions between tasks—such as shifting from Relax in one location to Meal

Preparation in another—exemplify cognitive flexibility. This behavioral adjustment, prompted

by contextual cues and environmental resources, indicates situational awareness and the capacity

to modify actions accordingly. Such flexibility is a core component of cognitive adaptability,

where actions remain both goal-directed and responsive to situational changes.

These examples illustrate a subset of our findings, demonstrating the utility of ontology-based

querying in inferring motivational states, evaluating behavioral patterns, and detecting anoma-

lies. The framework enhances our capacity to identify effective routines, recognize deviations

that may signal cognitive fatigue, and interpret behaviors within the context of established

motivational theories.

A notable advantage of our ontology-based approach is its inherent flexibility in handling novel

situations. Ontologies, by design, are extensible; new concepts and relationships can be seam-

lessly integrated. This is particularly beneficial in dynamic environments with evolving datasets

and behavioral contexts. Unlike conventional deep learning models—which often require exten-

sive retraining to incorporate new activities—our method allows for the addition of new classes

or properties to the ontology, thereby supporting scalability and adaptability.
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Interpretability is a critical requirement in Human Activity Recognition (HAR), particularly

when the objective extends beyond classification to understanding human intent. Our ontology-

based reasoning approach provides high transparency, as each inference is supported by explicitly

defined rules and semantic relationships. This contrasts with deep learning models, which are

frequently described as “black boxes” due to their limited explainability regarding internal

decision processes. The transparency of our method enables traceable and explainable reasoning,

making it particularly suitable for applications where interpretability is essential.

The structural design of our ontology captures not only discrete actions but also the sequen-

tial and relational dependencies among them, offering a more comprehensive model of human

behavior. This enables the inference of higher-level motivations behind action sequences—for

instance, deducing the intent of “preparing to sleep” based on preceding actions such as “brush-

ing teeth” and “changing clothes.” Standard machine learning models typically do not support

this form of hierarchical and relational reasoning, limiting their capacity to uncover deeper

behavioral insights.

A comparative overview of these key characteristics is presented in Table 4.16, which highlights

the advantages of our ontology-based approach over widely used deep learning models in the

context of HAR.

Table 4.15: Comparative Analysis of Query Efficiency (CASAS Aruba and Orange4Home)

Dataset Number of Activities Number of SPARQL Queries Run Average Query Time (s) Max Query Time (s) Query Complexity

CASAS Aruba 11 150 0.25 0.35 Medium

Orange4Home 17 200 0.20 0.30 Medium

Table 4.16: Comparison of the proposed ontology-based approach with different types of deep
learning models in HAR

Metric Our Proposed Approach Deep Learning Models

Accuracy of Inference High correctness in

composite activities

High in predefined labels

[227]

Context Awareness Detailed spatiotemporal

context

Limited to training data

context [228]

Flexibility and Adaptability Easily extensible with new

concepts

Requires retraining for new

activities [229]

Interpretability High, with transparent rules Low, often a ”black box”

[230]

Query Execution Efficiency Rapid, supports real-time

inference

Slower, may require

preprocessing [231]

Behavioral Understanding Hierarchical and

sequence-based

Limited to labeled data [232]
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Table 4.15 compares the query efficiency of the proposed ontology-based reasoning framework

when applied to the CASAS Aruba and Orange4Home datasets, focusing on its capacity to

handle large-scale data effectively.

For the CASAS Aruba dataset, which includes 11 annotated activities, a total of 150 SPARQL

queries were executed. The system achieved an average query execution time of 0.25 sec-

onds, with a maximum query time of 0.35 seconds. The overall query complexity for this

dataset is classified as medium, indicating that while the queries are moderately intricate, the

system processes them efficiently.

In comparison, the Orange4Home dataset—comprising 17 annotated activities—underwent

200 SPARQL queries. The system recorded an average query time of 0.20 seconds and

a maximum of 0.30 seconds, maintaining a similar classification of medium complexity.

Despite the increased number of activities, the framework demonstrated consistent and efficient

query handling.

Although the method exhibits generally strong performance, several practical considerations

must be addressed. The overall success of the framework can be influenced by sensor data

quality and the system’s ability to adapt across diverse and dynamic real-world environments.

Moreover, to align with evolving behavior patterns, the ontology may require periodic updates.

In highly dynamic settings, additional optimization techniques could help preserve real-time

performance.

Nevertheless, the results from both datasets confirm the system’s capacity for efficient rea-

soning under moderate complexity, with query times consistently remaining within acceptable

thresholds. This highlights the framework’s suitability for real-time applications in smart envi-

ronments, especially those requiring fast and reliable processing of extensive and diverse activity

data.

In conclusion, the effectiveness of the proposed semantic framework has been validated through

empirical experimentation using the CASAS Aruba and Orange4Home datasets. The findings

demonstrate clear advantages over traditional approaches in modeling and interpreting the

nuanced patterns of human behavior within smart home contexts.

4.5 Modeling human cognition: Hybrid Deep Learning and Ontology-

Based Approach to Activity Motivation Inference

In this framework, we use our CNN-MLP model proposed in [200] as a human activity recog-

nition module (Section 4.2). Training of the deep learning was performed with a batch size of

128 and 100 epochs, using early stopping based on validation loss. A learning rate scheduling
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strategy was applied: the learning rate was initially set to 0.001 and decayed exponentially after

10 epochs (Algorithm 1).

4.5.1 Ontology and Inference

The semantic layer was built using an OWL2 ontology developed in Protégé. The ontology

encodes key classes such as:

• RecognizedActivity

• TimeContext, LocationContext, ObjectInteraction

• InferredPurpose (e.g., SocialInteraction, ManageHealth)

The ontology was loaded and queried using the GENA framework. SPARQL CONSTRUCT

queries and custom Java-based rule processors were used to apply the motivational reasoning

rules. Inference was triggered dynamically as new activity events were recognized by the deep

learning module.

This integrated approach enables context-sensitive interpretation of sensor data, enhancing the

system’s ability to explain not just what the user is doing, but why (Algorithm 2).

Algorithm 1 Activity Recognition using CNN-MLP

Sensor time-series data X, Labels Y Normalize input data X Segment data into
fixed-length windows Define CNN-MLP model with:Conv1D → ReLU → BatchNorm
GlobalAveragePooling Dense layer with L2 regularization Dropout layer Output Dense
layer with Softmax

Train model on (X,Y ) using cross-entropy loss Optimize using Adam optimizer with learning
rate scheduling Return trained model M

4.5.2 Results and Discussion

To validate our proposed framework, we used CASAS Aruba dataset (Section 4.2.1.4 and Section

4.2.2.2). The results of the deep learning module on the CASAS Aruba dataset are detailed

in Section 4.2.4.2. The motivational inference layer was evaluated using manually annotated

test cases based on real-world scenarios. In over 90% of the test cases, the inferred purposes

aligned with ground truth human annotations, indicating high semantic interpretability. Table

4.17 presents the inference performance results.

A key contribution of our framework is the semantic reasoning layer, which enhances deep

learning with symbolic inference. This addition enables the system not only to recognize what
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Algorithm 2 Motivation Inference using Ontology and Rules

Recognized activity A, Location L, Time T , Ontology O, Rule set R Load ontology O
and rulesR using GENA Construct SPARQL query with input parameters (A,L, T ) Execute
inference engine over O rule ri in R ri matches activity and context Infer motivational
purpose Mi Assign confidence score Ci Return top-k motivations with highest C

activity is occurring but also to explain why—a crucial feature for real-world, human-centered

applications. For example, recognizing the activity ”Lying” on a bed at night, in a low-light

setting and aligned with a regular sleep routine, leads to the inference: “Purpose: Sleeping —

consistent with typical behavior.” However, detecting ”Lying” on the bathroom floor during the

day, particularly for an elderly user with a known medical condition, triggers a different and

urgent interpretation: “Purpose: Fall Requiring Assistance — unusual location and time, possi-

ble emergency.” This ability to disambiguate identical activities based on contextual, temporal,

and personal cues demonstrates the power of our hybrid approach. It brings interpretability

and transparency to HAR systems, enabling intelligent, proactive, and trustworthy responses

in sensitive environments such as healthcare and assistive living.

Table 4.17: Motivational Rule Accuracy

Motivational Rule Correct Inference (%) Incorrect Inference (%)

Navigate to Location 97.2 2.8

Eat/Drink 94.6 5.4

Personal Hygiene 95.5 4.5

Relax/Entertainment 91.3 8.7

Work/Study 92.9 7.1

Exercise/Train 96.4 3.6

Prepare Meal/Snack 93.0 7.0

Social Interaction 87.5 12.5

Respond to Need 98.2 1.8

Manage Health Condition 95.3 4.7

4.6 Conclusion

This chapter presented a comprehensive evaluation of the proposed hybrid framework for Human

Activity Recognition (HAR), highlighting its implementation details, experimental setup, and

performance across multiple benchmark datasets. The framework successfully combines deep

learning and symbolic reasoning to achieve accurate, explainable, and context-aware activity

recognition in both smartphone-based and smart home environments.
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At the core of the framework is a novel hybrid deep learning model, designed to extract rich tem-

poral features from sensor data. The model integrates Convolutional Neural Networks (CNN)

with Multi-Layer Perceptrons (MLP), enabling effective recognition of complex human activities.

Applied to datasets such as UCI HAR, WISDM, PAMAP2, Orange4Home, and CASAS Aruba,

this architecture consistently achieved high accuracy, precision, recall, and F1-scores, outper-

forming several baseline models. The use of rigorous evaluation protocols, including 10-fold

cross-validation, confusion matrices, and detailed performance tables, reinforces the robustness

and reliability of the results.

Beyond accurate activity classification, this work contributes to the semantic understanding of

human behavior. A key component of the framework is the ontology-based reasoning layer,

developed in Protégé and powered by the GENA engine. By formulating SPARQL queries

and logical rules, the system is capable of high-level inferences, such as identifying abnormal

behavior patterns or detecting health-related risks.

Another major contribution lies in the design of an ontological querying framework grounded

in cognitive psychology. This framework enables the interpretation of human activities from a

cognitive perspective, incorporating theoretical concepts such as intentions, goals, and decision-

making processes. Through the modeling of these cognitive aspects, the system extends beyond

mere recognition to infer *why* certain actions occur. This is exemplified in the final contribu-

tion: modeling human cognition in smart environments. Here, sensor data is linked to symbolic

representations of cognitive states, allowing the system to hypothesize about user motivations

in various real-life scenarios.

Together, these contributions address the main objectives of the thesis: to develop a robust,

interpretable, and cognitively informed system for human activity recognition. The hybrid deep

learning and ontology-based architecture proves to be a powerful solution for achieving accurate

and meaningful interpretations of human behavior in ubiquitous computing environments.
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General Conclusion

The core ambition of this work has been to push HAR beyond simple pattern recognition—toward

systems that can also interpret human behavior from a cognitive and motivational perspective.

To achieve this, we developed a hybrid framework that integrates deep learning techniques with

semantic reasoning and psychological modeling. This combination not only improves activity

recognition performance but also enhances the system’s ability to make sense of human actions

in context.

Fulfillment of the Thesis Objectives Through Key Contributions

From the beginning, this thesis aimed to create an intelligent system that could do more than

recognize physical actions—it sought to understand the reasons behind them. By addressing

this complex challenge, we contribute a significant step forward in HAR research, bridging the

gap between raw data processing and human-centered interpretation.

The system we propose rests on three main pillars: deep learning, semantic ontologies, and

cognitive psychology. At its core, the architecture combines the powerful classification abilities

of convolutional and feedforward neural networks with the interpretive strengths of symbolic

reasoning. Rather than simply identifying “what” action is happening, the system is designed to

explore “why” it is happening—what it might tell us about the person’s internal state, intention,

or context.

A crucial part of our approach was the use of cognitively inspired ontologies. These ontologies

encode psychological constructs such as routine, memory, goal orientation, and motivation. By

formalizing these concepts, the system is able to reason semantically about observed behav-

iors, interpret them within a broader context, and make inferences that align with cognitive

principles.

102
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In parallel, the system’s deep learning modules were extensively tested on a range of benchmark

datasets—including both wearable sensor-based datasets (UCI HAR, WISDM, PAMAP2) and

smart home-based environments (CASAS Aruba, Orange4Home). The results confirmed that

the hybrid model is not only accurate and generalizable but also enhanced by the inclusion of

domain knowledge, improving interpretability without reducing performance.

What distinguishes this work most is its effective unification of symbolic and sub-symbolic

paradigms. This integration leads to a more nuanced HAR system—one that offers statistical

precision, semantic richness, and psychological awareness. These capabilities are especially

important for applications that require explainability, personalization, and sensitivity to user

needs, such as elderly care, mental health monitoring, or context-aware smart environments.

Perspectives and Future Directions

The proposed framework reveals important challenges and opportunities for future development.

One of the main limitations lies in the manual effort required to align ontologies with sensor

data. This process is time-consuming and not easily scalable. Future work should therefore

explore ways to automate ontology construction, populate semantic models from real-world

data, and adapt knowledge structures dynamically as user behavior evolves.

Another key challenge is dealing with uncertainty, ambiguity, and novelty in behavior sequences.

While this work introduced basic mechanisms for temporal reasoning and contextual awareness,

more advanced tools—such as probabilistic models, belief revision frameworks, and adaptive

inference engines—are needed to ensure the system can function robustly in dynamic, real-

world settings. Moreover, integrating multimodal sources of information (e.g., audio, video,

physiological signals) could provide a richer foundation for both learning and reasoning.

A final but critical consideration concerns the ethical dimension of interpreting human cognition.

Inferring mental states from behavior brings up serious concerns about privacy, consent, and

algorithmic bias. Any deployment of such systems must be accompanied by transparent design

practices, explainable AI methods, and strong safeguards to protect user autonomy and dignity.

This project represents an initial step in the broader and promising direction of incorporating

cognitive psychology into Human Activity Recognition. While the proposed framework intro-

duces novel mechanisms for understanding the motivations behind human actions, it also opens

the door for deeper exploration into the cognitive and psychological underpinnings of behavior

in smart environments. By moving HAR research toward the study of human cognition, this

work lays the groundwork for future systems that are not only context-aware and intelligent,

but also capable of interpreting human behavior through the lens of psychological theory. As
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such, it contributes to a growing shift in HAR—from recognizing actions to understanding the

human mind behind them.
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[1] Julien Cumin, Grégoire Lefebvre, Fano Ramparany, and James L. Crowley. A dataset of

routine daily activities in an instrumented home. In Ubiquitous Computing and Ambient

Intelligence: 11th International Conference, UCAmI 2017, pages 413–425, 2017.

[2] Ian W Eisenberg, Patrick G Bissett, Jessica R Canning, Jesse Dallery, A Zeynep Enkavi,

Susan Whitfield-Gabrieli, Oscar Gonzalez, Alan I Green, Mary Ann Greene, Michaela

Kiernan, et al. Applying novel technologies and methods to inform the ontology of self-

regulation. Behaviour research and therapy, 101:46–57, 2018.
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[13] Natalia Dı́az Rodŕıguez, Manuel P Cuéllar, Johan Lilius, and Miguel Delgado Calvo-

Flores. A fuzzy ontology for semantic modelling and recognition of human behaviour.

Knowledge-Based Systems, 66:46–60, 2014.

[14] Vito Magnanimo, Matteo Saveriano, Silvia Rossi, and Dongheui Lee. A bayesian approach

for task recognition and future human activity prediction. In The 23rd IEEE international

symposium on robot and human interactive communication, pages 726–731. IEEE, 2014.

[15] Qingjuan Li, Huansheng Ning, Tao Zhu, Shan Cui, and Liming Chen. A hybrid approach

to inferring the internet of things for complex activity recognition. EURASIP Journal on

Wireless Communications and Networking, 2019(1):1–11, 2019.

[16] Prabhat Kumar and S Suresh. Recurrenthar: A novel transfer learning-based deep learning

model for sequential, complex, concurrent, interleaved, and heterogeneous type human

activity recognition. IETE Technical Review, 40(3):312–333, 2023.

[17] Prabhat Kumar and S Suresh. Deep learning models for recognizing the simple human

activities using smartphone accelerometer sensor. IETE Journal of Research, 69(8):5148–

5158, 2023.

[18] Shilpa Ankalaki. Simple to complex, single to concurrent sensor based human activity

recognition: Perception and open challenges. IEEE Access, 2024.

[19] Abisek Dahal, Soumen Moulik, and Rohan Mukherjee. Stack-har: Complex human activ-

ity recognition with stacking-based ensemble learning framework. IEEE Sensors Journal,

2025.

[20] Lu Bai, Chris Yeung, Christos Efstratiou, and Moyra Chikomo. Motion2vector: Un-

supervised learning in human activity recognition using wrist-sensing data. In Adjunct

Proceedings of the 2019 ACM International Joint Conference on Pervasive and Ubiqui-

tous Computing and Proceedings of the 2019 ACM International Symposium on Wearable

Computers, pages 537–542, 2019.



Bibliography 108

[21] Fuqiang Gu, Kourosh Khoshelham, Shahrokh Valaee, Jianga Shang, and Rui Zhang. Lo-

comotion activity recognition using stacked denoising autoencoders. IEEE Internet of

Things Journal, 5(3):2085–2093, 2018.

[22] Jiwei Wang, Yiqiang Chen, Yang Gu, Yunlong Xiao, and Haonan Pan. Sensorygans: An

effective generative adversarial framework for sensor-based human activity recognition.

In 2018 International Joint Conference on Neural Networks (IJCNN), pages 1–8. IEEE,

2018.

[23] Ali A Alani, Georgina Cosma, and Aboozar Taherkhani. Classifying imbalanced multi-

modal sensor data for human activity recognition in a smart home using deep learning.

In 2020 International Joint Conference on Neural Networks (IJCNN), pages 1–8. IEEE,

2020.

[24] Rene Grzeszick, Jan Marius Lenk, Fernando Moya Rueda, Gernot A Fink, Sascha Feld-

horst, and Michael ten Hompel. Deep neural network based human activity recognition

for the order picking process. In Proceedings of the 4th international Workshop on Sensor-

based Activity Recognition and Interaction, pages 1–6, 2017.

[25] Kaixuan Chen, Lina Yao, Dalin Zhang, Xianzhi Wang, Xiaojun Chang, and Feiping Nie.

A semisupervised recurrent convolutional attention model for human activity recognition.

IEEE transactions on neural networks and learning systems, 31(5):1747–1756, 2019.
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