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Abstract

Device-free human activity recognition (HAR) is a promising approach for smart environments, but
existing methods often experience performance drift with context-specific tasks, particularly in complex
settings like kitchens. While prior work explored coarse activities (e.g., walking, sitting), fine-grained,
context-specific tasks, such as kitchen activities involving object interactions, remain widely
underexplored and are challenging due to signal noise, environmental variability, and limited datasets. In
this thesis, we begin by evaluating three HAR approaches for kitchen tasks: deep learning (43% accuracy,
limited by small datasets), transfer learning (39%, hindered by domain mismatch), and classical machine
learning (68%, which proved best suited for the context-specific data). Given the superior performance of
classical learning, its reliance on effective feature selection becomes a critical challenge. Current methods
often rely on heuristics to select features, which can limit performance and require domain knowledge.
To address this, we propose an optimized method that combines multivariate analysis of variance
(MANOVA) with genetic algorithms for discriminative feature selection. This approach improves
accuracy to 80% for coarse-grained tasks such as storing food and washing pots. However, fine-grained
motions (chopping and slicing potatoes) remain challenging (with average recognition accuracy of 37%),
highlighting the limitations of WiFi sensing for subtle activities. The key contributions of this thesis
include: (1) an evaluation of HAR methods for kitchen tasks, (2) a novel approach to feature selection
based on MANOVA-genetic algorithm to generalize the feature selection process, and (3) a public WiFi-
based dataset to advance research in context-aware HAR. These findings highlight the potential of
classical learning in context-specific tasks while revealing open challenges in fine-grained activity

recognition.
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Chapter 1 Introduction

1.1 Motivation

The increasing integration of technology into living spaces is fostering a new paradigm: privacy-aware
insights-driven intelligent assistants for shopping or assisted living in smart homes. Smart homes are
interconnected environments equipped with various sensors that help users manage and control daily tasks
[1]. These sensors generate a continuous stream of data, when combined with Al assisted analysis,
providing insights on user behavior, preferences, and routines. Such data serve as the primary source for
recommender systems, which analyze patterns to provide personalized suggestions, from the next show

to watch to the optimal temperature setting or products and services to purchase.

Recently, the concept of data monetization has entered the smart home domain [2]. In its simplest form,
user-generated data from smart homes, with the owner’s consent, can be shared with service providers
with appropriate compensation. Service providers, in turn, use this data to deliver highly personalized
recommendations, tailored to the user’s needs and delivered at the right time. This approach enhances
user engagement, drives revenue, and effectively turns the smart home into a platform for automated,

intelligent, and commercially valuable services.

Recognizing human activities is important because it provides one of the most valuable forms of data in
smart homes, enabling personalized services and intelligent decision-making. Various approaches have
been explored to capture such activities, including camera-based monitoring and wearable sensors. While
cameras can provide detailed information, they raise serious privacy concerns and are often unsuitable for
continuous monitoring. Wearable devices, on the other hand, are intrusive and inconvenient for daily use.
This is where device-free human activity recognition becomes essential. It offers the capability to monitor
activities without visual recording or required user instrumentation. This makes it uniquely suited for
privacy-critical and sensitive environments where other modalities are ethically or practically infeasible,
such as monitoring for falls or distress in a hospital washroom or tracking sleep patterns and nighttime

routines in a senior living facility's bedroom.



1.2 Problem Statement

Recommend systems and intelligent assistants like personalized shopping bots rely heavily on high-
quality input data to generate accurate and relevant suggestions. Within smart homes, human activities
provide a rich and context-aware source of such data. By understanding a user's actions, a recommender
system can move beyond generic suggestions and instead deliver personalized and timely

recommendations that align with the user’s daily routines.

A variety of sensor modalities, such as cameras, wearables, and ambient sensors, has been proposed to
recognize human activities in smart environments [3]. Each, however, carries specific strengths and
limitations. Cameras raise privacy concerns, wearables require active user compliance, and ambient
sensors often lack precision. This highlights the need for alternative approaches that are less intrusive,

more practical, and still capable of accurately capturing human activity patterns.

An additional complexity arises from the nature of the activities themselves. Human activities can be
recognized at different levels of granularity, ranging from coarse-grained actions (e.g., cooking, cleaning)

to fine-grained movements (e.g., chopping vegetables, stirring a pot).

Device-free HAR, which leverages wireless sensing, has recently emerged as a promising solution.
Numerous methods have been proposed in literature, often tailored to specific activities or environments.
However, the efficacy of these methods in capturing and recognizing kitchen-related activities remains
unclear. The kitchen presents a uniquely challenging and informative domain for HAR, especially for
device-free sensing, for several reasons that distinguish it from less complex spaces like bedrooms or
living rooms. First, it is a high-fidelity activity hub: it hosts a wide variety of structured, goal-oriented
tasks (food preparation, cleaning, appliance use) with rich, sequential semantics. Second, these activities
involve a high degree of object interaction and fine-grained hand-arm motility within a confined area,
creating complex, overlapping signal patterns. Third, the environment itself is signal-challenging: it
contains metallic appliances, reflective surfaces, and water, all of which significantly impact radio
frequency (RF) propagation and multi-path effects. In contrast, activities in other environments like a
bedroom (e.g., sleeping, reading, dressing) or living room (e.g., watching TV, relaxing) are often more
static, involve fewer complex object manipulations, and occur in less RF-hostile environments. Therefore,

the kitchen serves as a rigorous proving ground for HAR systems.

This dissertation addresses this gap by investigating whether a device-free HAR method existing for other
domains can be utilized to recognize kitchen activities, and by developing and evaluating a novel device-

free HAR method to recognize kitchen activities in various levels of granularity.
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It is important to frame this investigation as foundational research. The current performance limitations
of WiFi-based sensing for fine-grained activities, as documented in this dissertation, are not presented as
a final solution ready for immediate commercial deployment. Rather, this work serves as a critical
stepping stone in a nascent field. It systematically identifies the boundaries and challenges, such as the
impact of granularity and sensor placement, and establishes empirical baselines and methodologies. The
goal is to build a rigorous understanding of the problem space, which is a necessary precursor to
developing practical, high-accuracy systems. Future practical implementations will likely integrate WiFi
sensing with other complementary modalities or more advanced signal processing; this dissertation

provides the essential groundwork for those advancements.

1.3 Research Objectives

The following research objectives are established to guide this study:

i.  To investigate the feasibility of device-free human activity recognition (HAR) in recognition of

kitchen activities.

ii.  To evaluate and compare the performance of existing HAR methods for recognizing kitchen

activities.
o To classify the types of kitchen activities that can be recognized using device-free methods.

ii1.  To assess the impact of environmental and contextual factors on the performance of device-free

HAR.
iv.  To develop and evaluate a novel device-free HAR method to recognize kitchen activities.

v.  To propose a structured framework and best practices for conducting device-free HAR research.

1.4 Contributions

This dissertation makes contributions to both the general field of device-free human activity recognition
and, more specifically, to its application in kitchen environments. The general contributions are as

follows:

e Conduct a systematic literature review that synthesizes existing methods and research trends in

device-free HAR. [32]

e Propose a comprehensive framework outlining the key stages and requirements for deploying

device-free HAR systems in smart home environments.
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In addition to these general contributions, this work provides the following specific advancements for

device-free HAR in kitchen environments:

1.5

1.5.1.

The design and implementation of a novel device-free HAR system tailored for recognizing both

coarse- and fine-grained kitchen activities [47][106][107][177][178].

The creation and public release of a rich WiFi Channel State Information (CSI) and Received

Signal Strength Indicator (RSSI) dataset capturing a diverse set of kitchen activities [190].

A novel evaluation method that progressively assesses recognition accuracy, demonstrating the
performance drift as the system transitions from recognizing coarse-grained to fine-grained

activities.

An empirical demonstration of the efficacy of a device-free HAR in recognizing complex,

sequential kitchen activities.

An analysis of the impact of sensor placement on system performance, providing practical

guidelines for deployment in real kitchens [73].

A critical discussion about the applicability and limitations of state-of-the-art device-free HAR

approaches within the challenging kitchen environment.
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1.6 Thesis Organization

This dissertation is organized into seven chapters. Chapter 1 has introduced the motivation, research

objectives, key contributions, and a list of publications originating from this work.

Chapter 2 provides the necessary background for the study, beginning with a comprehensive survey of
human activity recognition research from the past decade. It discusses various sensor modalities used in
HAR and justifies the selection of a device-free, WiFi-based approach for this research. The chapter also
explains fundamental concepts critical to understanding WiFi sensing, including line-of-sight (LOS)
propagation, Orthogonal Frequency-Division Multiplexing (OFDM), multipath effects, and the specifics
of Channel State Information (CSI) and Received Signal Strength Indicator (RSSI). Finally, it reviews the

machine learning, statistical, and optimization methods utilized in subsequent chapters.

Chapter 3 reviews the related literature, positioning this dissertation within the current state of the art. It
analyzes key studies in HAR, discussing their advantages and drawbacks. A specific focus is placed on

the importance of context specific HAR systems and on prior work that has targeted kitchen activities.

In Chapter 4, the research problem is formally formulated. The chapter begins by elaborating on the smart
home ecosystem, personalized advertising, and data monetization, which collectively form the core
motivation for this work. It then discusses the value of activity data and the role of HAR in unlocking it.

The chapter concludes by defining key terminology and presenting a formal problem statement.

Chapter 5 details four preliminary feasibility studies conducted to validate the core assumptions, ensure

the feasibility of the main research, and inform the final system design.

Chapter 6 presents the proposed device-free HAR system. It describes the sensor hardware, the data
collection process, and the constructed dataset of kitchen activities. The chapter then outlines the
experimental method, including the design of pre-experiments to select models, the evaluation of various

machine learning methods, and the optimization of the best-performing approach.

Chapter 7 presents a comprehensive discussion of the research outcomes. It provides a detailed
interpretation of the experimental results, a critical comparison of the proposed system's performance
against existing methods, and an examination of the study's limitations. Finally, Chapter 8 serves as the
concluding chapter, synthesizing the key findings and contributions of this research. It provides a final
summary of how the work has addressed the initial research problems and outlines specific, promising

directions for future work to build upon the foundations laid here.



Chapter 2 Background

2.1 Device-free Human Activity Recognition

Human Activity Recognition (HAR) is defined as the ability to identify and classify human activities
based on data collected from sensors. HAR has significant potential for various applications [4]. In
healthcare [5], for instance, detecting patients' activities helps caregivers monitor them more easily [6],
[7], [8], [9]- Detecting anomalies in daily routines for security purposes [4], [10], [11] represents another
key use case. Furthermore, within the domain of human-computer interaction, researchers have utilized
HAR to capture user movements, postures , gestures, and actions; examples include detecting teachers’

activities in classrooms [12] or children’s activities in various environments [13].

Human activity recognition can be categorized into device-based, camera-based, and device-free methods
[14]. In device-free methods, sensors (e.g., radars, Wi-Fi transmitters, acoustic sensors) propagate signals
(e.g., sound, light, or radio waves) into the environment. These systems recognize activities by analyzing
the reflections of these signals from various elements, such as walls, furniture, and users. In contrast to
device-based approaches that require wearable sensors, the sensors in device-free systems are embedded
in the environment, meaning the user is not required to carry any device. Among these modalities, device-
free methods have gained significant popularity. This is primarily because, compared to camera-based
approaches, they better preserve user privacy and, as stated, do not require the user to carry any additional

devices.

Several categorizations for device-free HAR methods exist in the literature. This work adopts the

taxonomy provided by [15] , which categorizes methods based on the underlying sensing technology:

Radio Frequency (RF): Radio Frequency (RF)-based sensing is the most prevalent device-free HAR
method. These systems typically comprise a transmitter and one or more receivers. The transmitted RF
signals propagate through the environment, reflecting off objects and humans. WiFi is a widely used
source of RF signals for this purpose. Researchers leverage fine-grained Channel State Information (CSI)
or coarse-grained Received Signal Strength Indicator (RSSI) to analyze alterations in the propagated WiFi

signals caused by human activity [16].

Acoustic Signal: Acoustic-based methods utilize sound waves for activity detection. A transmitter emits

sound waves, and one or more receivers (microphones) analyze the received waves to detect
7



environmental changes indicative of human activity. While similar in principle to RF systems, the use of
microphones as receivers can raise privacy concerns for users, as they may potentially capture private

conversations [17].

Visible Light: Visible light methods employ embedded light sources (e.g., LEDs) and photodetectors.
The HAR system recognizes activities by inferring changes in the environment based on the amount of

light received by each sensor [18].

2.1.1. Review of Existing Literature Reviews

To establish a comprehensive background for device-free HAR, particularly in kitchen environments, an
analysis of existing literature reviews in the field was conducted. These reviews each illuminate a specific
subset of primary HAR studies, offering valuable categorizations and conclusions. Their scopes vary;
some categorize HAR methods broadly based on sensor modality, while others focus on a single modality,
providing a more detailed taxonomy (see Table 1). Certain reviews concentrate on specific modalities
such as radio frequency (RF) [19], [20], [21], [22], WiFi [23], [24], or WiFi Channel State Information
(CSI) [25], [26], [27], [28], while others focus on particular human activities or unique research

conditions, as summarized in Table 1.

A comprehensive categorization of HAR sensing technologies is provided by [29]. The authors
categorized studies based on sensor modality into six types: (1) Acoustic sensors, which measure waves
traveling through materials (subcategories: acoustic, surface acoustic, ultrasonic); (2) Electric sensors,
which measure charge from an electrified object (subcategories: capacitive, electrostatic); (3) Mechanical
sensors, which indicate applied force (subcategories: resistive pressure, integrated pressure sensing); (4)
Optical sensors, which quantify light intensity (subcategories: visible spectrum, depth channel, infrared);
(5) Radiation sensors, which use high-frequency electromagnetic waves; and (6) Hybrid methods, which

combine multiple sensor types.

Lentzas and Vrakas [30] propose a dual taxonomy for HAR methods. The first categorization is based on
sensor types, including smartphones/wearables, radiofrequency identification, ambient sensors, and
hybrid sensing. The second categorization is based on the artificial intelligence techniques employed.
These techniques include decision trees (DT), random forests (RF), rule-based methods, hidden Markov
models (HMM), hybrid HMM-DT approaches, support vector machines (SVM), deep learning (DL)
methods, dictionary learning, the Dempster—Shafer method, threshold-based approaches, and

probabilistic behavior models. The authors conclude that hybrid models are particularly effective for
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detecting activities with similar characteristics.

Other literature reviews proposed similar categorizations for device-free HAR, with a particular emphasis
on RFID. Hussain et al. [ 14] introduce ten metrics that they choose for the comparison of different device-
free RFID-based HAR methods. The metrics are approach, technology, information type, utilized machine
learning (ML) algorithm, supervised/unsupervised classification method, application, cost, accuracy,
latency, and real-time. They divided the device-free methods into three categories: action-based,
interaction-based, and motion-based methods. In a narrative review [31], Gupta et al. conducted a
comparison among different HAR methods. In contrast to other reviews, in their work, Gupta et al.
considered device-free and RFID-based approaches into two separate categories. They categorized the
rest of the papers as vision-based and sensor-based. However, in their paper, the focus of the
categorization is the Al module as the core component of the HAR research method. They provided a
critical analysis of existing HAR methods and compared the number of features, feature extraction
method, ML/DL model, architecture, evaluation metrics, model validation, and optimization techniques
of each Al module.

Table 1 Literature reviews focused on a specific sensor modality of device-free HAR

Ref. | Year | Modality Activity Other Condition
Our WiFi, radar, RFID, acoustic,

SLR | 2025 | ultrasonic, visible spectrum, | - Systematic review
[32] infrared, hybrid

[33] | 2025 | WiFi -
[34] | 2024 | WiFi -
Limb motion, hand gesture,
[35] 2023 |- lip tracking, movement
tracking

Mechanical, RF, Acoustic,
[36] | 2022 | Optic, Physiological, Field | -

Sensing
[23] | 2020 | WiFi - Deep learning
[28] | 2020 | WiFi-CSI Gesture
[19] | 2020 | RF -
[26] | 2019 | WiFi-CSI Behavior Through-the-wall
[27] | 2019 | WiFi-CSI Behavior
[25] | 2019 | WiFi-CSI Motion

[24] | 2018 | WiFi1 -
[37] | 2018 | WiFi1 -
[21] | 2017 | RF -
[20] | 2016 | RF Emotion
[22] | 2015 | RF Any
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Other reviews have focused on wireless sensing rather than the device-free paradigm specifically. For
instance, Liu et al. [19] surveyed studies using WiFi data (e.g., RSSI, CSI, FMCW, Doppler effect). They
categorized these articles based on recognition objective: (1) room-level activity sensing, (2) activity
recognition, (3) gesture recognition, (4) vital sign monitoring, and (5) user identification and localization,
further classifying them by the type of WiFi data used. Wang and Zhou [22] reviewed radio-based HAR
methods, dividing them into four categories: (1) ZigBee, (2) WiFi, (3) RFID, and (4) other (e.g., FM radio,
microwave). It is critical to distinguish between radio-based and device-free methods. Radio-based
methods encompass any approach using radio waves, including those requiring wearable or object-tagged
sensors, and are therefore not exclusively device-free. Conversely, device-free methods, while often using
radio frequencies (e.g., WiFi, RFID), are not limited to them and also include acoustic or optical sensors,

with the defining characteristic being that the user carries no device.

Recent literature reviews have built upon earlier efforts by adopting more systematic [32] and
comprehensive [3], [34] approaches. Examples include the qualitative analysis of device-free HAR
techniques based on sensing modality and processing technique in [38] ; the in-depth review of sensing
technologies and their limitations in [36] ; the focused survey of Wi-Fi sensing challenges in [33] ; and

the exploration of wireless, device-free sensing solutions across diverse applications in [35].

While these reviews provide valuable insights, a gap was identified for a systematic literature review
(SLR) on device-free HAR that is not restricted to a specific sensor type or activity domain [32]. To
address this, a systematic literature review was conducted as part of this dissertation. This review explored
major digital libraries—including ACM Digital Library, IEEE Xplore, ScienceDirect, Scopus, and Web
of Science—to identify relevant studies. The resulting SLR employs a mixed-methods approach to assess
the quality of the reviewed papers and analyze the proposed HAR methods from both scientometric and
technical perspectives. The scientometric analysis investigates publication trends from 2017 to 2023,
examining distributions by country, institution, and venue. The technical analysis categorizes methods
based on device-free sensing modalities, activity type and granularity, and discusses common challenges.
It further compares methods based on their support for non-line-of-sight, multi-subject, user-independent,
and environment-independent recognition. This review provides foundational knowledge on every stage
of the device-free HAR pipeline (data acquisition, preprocessing, classification, and evaluation) and, most
importantly, identifies critical research gaps and open questions that inform the work presented in this

dissertation.
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2.2 Wi-Fi-Based Device-Free HAR

Among all device-free HAR modalities, those based on radio frequency (RF) signals, and specifically
WiFi-based systems, have garnered significant attention [32]. The primary reason for this is the ease of
deployment and availability of existing WiFi infrastructure in most indoor environments, which
eliminates the need for dedicated sensor networks. Furthermore, the ability of WiFi signals to penetrate
walls and obstacles makes them suitable for cross-room monitoring and non-line-of-sight (NLOS)
scenarios. The pervasive deployment of WiFi means that a WiFi-based HAR system can be readily
implemented in environments such as smart homes, offices, and hospitals without requiring specialized
hardware installation. This ubiquity makes WiFi-based HAR suitable for a wide range of applications,

including elder care, health monitoring [39], energy management [40], and security [41].

2.2.1. Multipath Effects and Human Influence

As previously established, WiFi signals are electromagnetic waves that propagate through the
environment between a transmitter and a receiver. These signals do not follow a single path; instead, they
undergo multipath propagation, reflecting off various surfaces, objects, and obstacles. This phenomenon
causes multiple delayed copies of the transmitted signal to arrive at the receiver. The composite effect of
these signal copies creates a unique fingerprint of the propagation environment. It is the alteration of this

fingerprint due to human movement that provides the fundamental information utilized for device-free

HAR with WiFi.

2.2.2. Line-of-Sight (LoS) vs. Non-Line-of-Sight (NLoS)

Line-of-sight (LoS) propagation occurs when WiFi signals travel on a direct, unimpeded path from the
transmitter to the receiver. In contrast, non-line-of-sight (NLoS) propagation occurs when signals reach
the receiver indirectly after being reflected, diffracted, or scattered by objects, humans, walls, or furniture.

The difference between these propagation conditions is illustrated in Figure 1 [73].
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Figure 1 LoS and NLoS in WiFi signal propagation

In device-free HAR systems, Line-of-Sight (LoS) is typically crucial. Vision-based methods cannot
recognize human activities behind a wall, whereas device-free methods leverage signal waves (light,
sound, electromagnetic) that penetrate objects, allowing for the recognition of human activities in NLoS
scenarios. A recent literature review [42] highlights the applications of LoS and NLoS in WiFi-based
systems. While NLoS scenarios offer useful applications, [26] reviewed several studies and reported that
the accuracy of methods in NLoS scenarios is always lower compared to LoS scenarios. In SLR, 19% of

the papers we reviewed considered NLoS for HAR (46 papers) while 81% did not deal with NLoS(196
papers).

2.2.3. Orthogonal Frequency Division Multiplexing (OFDM)
WiFi is among the most widely used wireless communication technologies. It is defined by the IEEE
802.11 family of standards, which have evolved from 802.11b to include versions such as

802.11a/g/n/ac/ax. A foundational feature introduced in 802.11a/g is the Orthogonal Frequency Division
12



Multiplexing (OFDM) modulation scheme. OFDM divides the available bandwidth into multiple
orthogonal, narrowband subcarriers, transmitting data in parallel across them to improve robustness

against interference and multipath fading.

The OFDM modulation scheme can be conceptually understood by examining the transmission of a single
data bit. Each bit can be represented by a rectangular function in the time domain (see Figure 2.b). This
representation is multiplied by a sinusoidal carrier signal (Figure 2.a) to produce the final transmitted
signal (Figure 2.c). The frequency-domain characteristics of these signals, obtained via Fourier transform,

are shown in Figure 2.d, Figure 2.e, and Figure 2.f respectively.

a) Y",v‘ I.:f /'-\\ :sf/. ‘u,"’“’ I‘ o \”’ d)

time frequency

o N Jd\ ]

time frequency

time frequency

Figure 2 OFDM modulation fundamentals in 802.11 IEEE standard for WiFi communications. a) carrier
signal in the time domain, b) one bit of data represented by a rectangular function in the time domain, c)
multiplication of two signals represented in a and b, d) Fourier transform of signal a, e) Fourier
transform of signal b, and f) convolution of two signals represented in d and e

The theoretical use of a rectangular time-domain window in OFDM creates sharp symbol transitions,
leading to significant out-of-band spectral leakage (evident in the sinc function sidelobes in Figure 2.e).
To mitigate this, the 802.11 standard mandates a cyclic prefix (CP), which copies the symbol's end to its

beginning. This guard interval absorbs multipath delay, preventing inter-symbol interference (ISI) and
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enabling simpler frequency-domain equalization. For enhanced spectral containment, additional pulse
shaping (e.g., with a raised cosine window) can be applied to taper the symbol's edges, further reducing
leakage at the cost of a marginal increase in symbol duration. Consequently, OFDM implementations

robustly manage these inherent discontinuities to achieve spectral efficiency.

OFDM enables high data rates by dividing the carrier frequency into multiple orthogonal subcarriers, each
transmitting a portion of the data simultaneously. The data on each subcarrier is modulated independently.
The signals from all subcarriers are combined in the time domain for transmission. At the receiver, a
Fourier transform is applied to demultiplex the composite signal and recover the data transmitted on each
individual subcarrier. Critically, the subcarriers are orthogonal, meaning their peak frequencies are chosen
so that they do not interfere with each other despite spectral overlap, as illustrated in Figure 3. It is this
division of the channel into fine-grained subcarriers that enables the detailed channel measurements

known as Channel State Information (CSI).

The 802.11n standard in the 2.4 GHz band specifies 52 orthogonal subcarriers with a spacing of 312.5
KHz. These subcarriers are indexed from -26 to 26. According to the standard, four of these subcarriers
(-21,-7,7, and 21) are designated as pilot subcarriers. Unlike data subcarriers, pilots are modulated using
Binary Phase Shift Keying (BPSK) with a known magnitude and phase, which aids in tracking and

compensating for channel variations.

frequency

Figure 3 Fourier transform of the received signal in WiFi receiver supports OFDM modulation
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Channel State Information (CSI) is derived from the frequency-domain representations of the transmitted
and received signals across these subcarriers. It characterizes the propagation environment for each
subcarrier. Mathematically, the channel frequency response H(f, t) at frequency f and time t is modeled

by the following formula [26]:

N
H(f,0) = E ay (t)e 720
n=1

Where the variables are defined in Table 2. Crucially, all variables in this model except the carrier
frequency f are sensitive to the environment. Movements of objects or humans alter the attenuation ay )
and delay 7, on various paths N. It is this sensitivity that makes CSI a powerful tool for device-free
HAR. Consequently, any environmental layout characteristic that affects these variables must be
considered during WiFi sensor placement [43].

Table 2 Definition of variables in the CSI formula

Variable Definition
a;(t) Amplitude Attenuation Factor
7;(t) Propagation Delay
f Carrier Frequency
N Is the number of Paths

2.3 Signal Measurements in Wi-Fi

Several types of signal measurements are commonly used in WiFi technology to characterize wireless
communication links. These include the Received Signal Strength Indicator (RSSI), which measures the
total power of the received signal; Channel State Information (CSI), which captures detailed amplitude
and phase information for each OFDM subcarrier; the Signal-to-Noise Ratio (SNR), which reflects signal
quality relative to background noise; and the Packet Delivery Ratio (PDR), which indicates the ratio of
successfully received packets to the total number sent. For device-free human activity recognition (HAR),
CSI and RSSI are the most directly relevant metrics, as they are most sensitive to environmental changes

caused by human movement.

2.3.1. Channel State Information (CSI)

Channel State Information (CSI) is a measurement that characterizes the frequency response of a wireless
channel across its subcarriers, representing how signals propagate through multiple paths in the

environment. Fundamentally, CSI is derived from the Channel Frequency Response (CFR), which is
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calculated for each subcarrier using the formula:

Y(f,
.0 =g

where H(f, t) is the complex-valued CFR at frequency fand time t, and X(f, t) and Y (f, t) are the frequency-
domain representations of the transmitted and received orthogonal frequency-division multiplexing

(OFDM) symbols, respectively [44]. CSI can thus be considered a sampled version of the CFR.

The number of subcarriers contained in CSI data is hardware-dependent and varies with channel
bandwidth. For example, a 20 MHz channel may have 30 or 52 subcarriers (depending on the specific
tool and standard), while an 80 MHz channel can have up to 256 [45]. Most commercial Wi-Fi devices
utilizing the 802.11n standard report CSI for 30 subcarriers. Consequently, the size of the gathered CSI
data is given by Ny X N X 30 X P where N and Ng are the number of transmitter and receiver antennas,

respectively, and P is the number of packets.

The Multiple-Input Multiple-Output (MIMO) system model, which underpins the use of CSI from devices

with multiple antennas, is defined by the following equation [46]:
y=Hx+N

where x is the transmitted signal vector, y is the received signal vector, H is the channel matrix containing
the CSI, and N is additive white Gaussian noise. For a system with N transmit antennas and Ny receive
antennas, the CSI matrix H has dimensions N X Ny X Ng., where Ng. is the number of subcarriers.
Each element in this matrix is a complex value representing the CFR for a specific transmit-receive
antenna pair and subcarrier. The structure of this CSI data matrix is illustrated in Figure 4 [47].

Packet 1 Packet 2 Packet 3 Packet P

\

L\\\ Subcarriers
L [0 30]

@0 - 0

Rx
Reciever Size

@0 - ©
Ix
Transmitter Size

Figure 4 Structure of CSI data
16



2.3.2. Received Signal Strength Indicator (RSSI)

The Received Signal Strength Indicator (RSSI) is a measurement that quantifies the power level of a
received radio signal from a transmitter. It is typically represented in decibels (dB) and provides an
aggregate measure of the signal strength at the receiver. Changes in the propagation path between the
transmitter and receiver—such as those caused by obstruction, reflection, or absorption—result in
fluctuations in the RSSI value. While less fine-grained than CSI, analyzing these temporal changes in

RSSI enables coarse-grained localization and activity recognition.

2.4 Machine Learning Methods

Machine learning (ML) forms the core computational engine of device-free human activity recognition
(HAR) systems. The fundamental purpose of these systems is to learn the complex mapping between
patterns in the extracted signal features (e.g., from CSI or RSSI) and the specific human activities that
generated them. Therefore, all processed signal characteristics are presented to a machine learning model,

which learns to identify which features and patterns are discriminative indicators of each activity.

2.4.1. Long Short-Term Memory (LSTM)

In recent years, deep learning methods—machine learning approaches based on deep neural networks—
have outperformed classical shallow models in numerous applications [48]. A primary reason for this
superiority is their ability to not only learn from engineered features but also to automatically extract
relevant hierarchical features directly from raw or preprocessed data. These discriminative patterns, often
imperceptible to human analysis, enable deep learning models to identify highly distinctive characteristics

for complex tasks.

Long Short-Term Memory (LSTM) networks and their variants are among the most popular deep learning
models for sequential data. As an extension of recurrent neural networks (RNNs), LSTM was specifically
designed to overcome the vanishing gradient problem [49]. This architectural innovation enables LSTMs
to effectively capture both short-term and long-term temporal dependencies, making them highly suitable
for time-series analysis like HAR. An LSTM network is composed of interconnected memory cells, each
of which learns to update its internal state based on both current inputs and information from previous

time steps.
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Figure 5 The LSTM cell structure (adapted from [50])

Figure 5, adapted from [50] , illustrates the internal structure of an LSTM memory cell. Each cell contains

four key gates that regulate information flow:

e Forget gate: Determines which information from the previous cell state should be discarded or

retained.
e Input gate: Controls how much of the new input should be added to the cell state.

e Cell state update: Combines the previous cell state (after forgetting) with the new candidate

information from the input gate.

e Output gate: Decides what information from the current cell state should be output to the next

hidden state.

These gates work together to maintain and update the cell state, allowing the LSTM to preserve long-term

dependencies and selectively forget irrelevant information.
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Figure 6 Number of papers that used different deep learning algorithms for device-free HAR
The results of the systematic literature review conducted for this work [32] (see Figure 6) show that a
significant majority (68%) of deep learning-based device-free HAR methods utilize convolutional neural
networks (CNNs), while a substantial portion (19%) employ LSTM networks. For instance, Zhang et al.
[51] proposed one of the most cited methods in recent years. In their work, the authors recognized ten
human activities (e.g., running, sitting, standing, lying down, bending, jumping, waving, clapping, and
checking a wristwatch) with approximately 90% accuracy using one transmitter and two receivers. They
proposed a WiFi-based HAR system that employs data augmentation and a Dense-LSTM model to
address challenges such as inconsistent motion speeds, subject-specific variations, and small dataset sizes.
Their method included synthesizing training data through eight CSI transformation techniques (e.g.,
dropout, time stretching, spectrum shifting) and designing a compact neural network to prevent

overfitting, achieving robust performance even with limited samples.

Despite their popularity, deep learning algorithms for device-free HAR possess several drawbacks that

can limit their applicability. A primary issue is their heavy dependence on large, labeled datasets. Device-
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free HAR is an evolving field where few large, public datasets exist, and those that do often focus on
specific activities. This presents a major limitation for recognizing activities not represented in existing
data. A second drawback is high computational cost. While perhaps acceptable for offline analysis, the
computational demands of deep learning models can be prohibitive for edge computing and online HAR
requiring real-time inference on devices with limited processing power. Finally, the inherent black-box
nature of deep learning poses a significant challenge. As an emerging field, device-free HAR requires
interpretability to understand the impact of various parameters and features (refer to Chapter 7), a level

of transparency that deep learning models often lack.

2.4.2. Transfer learning

As delineated in the previous section, a primary challenge in device-free HAR is the scarcity of large,
labeled datasets required to effectively train deep learning models from scratch. Transfer learning [52]
presents a powerful strategy to mitigate this issue. This approach involves leveraging a model pre-trained
on a large, related source dataset and adapting it to perform classification on a smaller target dataset.
Within device-free HAR, transfer learning enables systems to utilize knowledge gained from existing
activity datasets (e.g., collected in one environment) to recognize new activities or to operate effectively

in a different, but related, context.

Deep learning models comprise a hierarchical structure of layers, where lower and middle layers often
learn to extract general features (e.g., edges, textures, temporal patterns), while higher layers learn task-
specific features. Transfer learning capitalizes on this structure by initializing a new model with the pre-
trained parameters from the lower and middle layers of a source model, effectively using it as a feature
extractor. Only the final layers (the classifier head) are typically replaced and trained from scratch.
Subsequently, the entire network is fine-tuned on the limited target dataset. This process allows the model
to adapt the general features to the specific target task, enabling accurate activity recognition even with

few training samples.

A prominent example is TransferSense, a framework proposed by Bu et al.[53] for device-free HAR using
CSI data. This method utilizes a deep learning model trained with a transfer learning objective. The core
contribution of their work is to demonstrate that a model can be trained in one context (e.g., a specific
environment or set of users) and deployed effectively in another, addressing the critical challenge of cross-

domain generalization in device-free HAR.
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2.4.3. Classical Learning

Classical (or traditional) machine learning models encompass a family of statistical algorithms that learn
to map input features to output labels or values based on patterns in training data. Unlike deep learning,
these models typically rely on carefully engineered features as input for tasks such as classification and
regression. A wide variety of classical models have been applied in device-free HAR; this section details

the most prevalent and impactful among them.

The results of the systematic literature review [32] (see Figure 7 ) indicate that a significant proportion of
the reviewed papers (50%) identified the Support Vector Machine (SVM) as the best-performing model,
followed by the K-Nearest Neighbors (KNN) algorithm (25%). Other frequently employed and high-
performing models include Random Forest, Decision Tree, Extreme Learning Machine (ELM) [54],

and Logistic Regression [55], [56] are the next frequent models.

Classical Learning Algorithms

SVM

49%
KNN
25%

" SVM =KNN =RF =DT

Figure 7 Number of papers that used different classical learning algorithms for device-free HAR

Although the performance of deep learning methods in device-free HAR is often superior, numerous
studies demonstrate that classical learning methods can achieve highly competitive results. For instance,
Atif et al. [57] compared an Artificial Neural Network (ANN) and an SVM model for HAR in a privacy-
preserving edge computing environment. Their system achieved 99% accuracy with the ANN and 97.5%
with the SVM in recognizing five activities: no activity, sitting, standing, walking, and picking up an

object. These results demonstrate that well-optimized classical models can closely approximate the
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performance of neural networks. Further reinforcing this point, Natarajan et al. [58] demonstrated that
traditional machine learning models can rival deep learning even in challenging through-the-wall
scenarios. Using single-link Wi-Fi CSI data from low-cost ESP32 devices, their proposed time-domain
and frequency-domain feature set achieved 97-99% accuracy in classifying five activities (empty room,
walking, standing, sitting, lying) across diverse NLoS conditions. Notably, Linear Discriminant Analysis
(LDA) outperformed deep learning models, including LSTMs and Transformers, in NLoS environments,
reaching 99.6% accuracy for joint activity-location classification. This work underscores that well-
designed feature extraction, paired with lightweight classical models (e.g., LDA, Random Forests), can
match deep learning performance while significantly reducing computational costs—a critical advantage

for edge deployment in applications like smart buildings or healthcare monitoring.
Support Vector Machine (SVM)

The Support Vector Machine (SVM) is a powerful supervised learning algorithm primarily designed for
binary classification, often employed in HAR using a one-versus-rest strategy for multi-class problems.

Its application in device-free HAR is well-documented:

e Hao et al. [59] boosted an SVM classifier by integrating it with a K-means algorithm, achieving

89.3% accuracy in recognizing sign language gestures.

e Zhao et al. [60] utilized an SVM with a Gaussian kernel to create user profiles, classifying atomic
actions (walking, sitting down, pushing, swinging, waving) with 97% accuracy and noting its

negligible impact on total recognition time due to fast response.

e Huang and Dai [61] employed SVM with sequential minimal optimization (SMO) [62] and 10-
fold cross-validation to recognize actions (standing, walking, running) and differentiate motion

speeds, achieving 76.7% accuracy.

e Yan et al. [63] applied an SVM to achieve 98% accuracy in classifying fall directions (falling

forward, backward, left, right) and user positioning.
K-Nearest Neighbor (KNN)

The K-Nearest Neighbor (KNN) algorithm is a non-parametric, instance-based learning method that
classifies a data point based on the majority class among its K closest neighbors in the feature space [64].

Its simplicity and effectiveness make it a common baseline in HAR:

e Yang et al. [65] achieved 90% accuracy in classifying actions (jumping, running, sitting down,

walking, boxing, golf swinging) using a customized distance metric based on reconstruction error
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in activity-specific feature subspaces.

e Sheng et al. [66] employed a CNN for feature extraction and a KNN for classification, achieving
97% accuracy on a set of gestures. Their work highlighted the importance of tuning K, finding

that overly large values (e.g., K=20) can introduce bias and degrade performance.

e Chen et al. [67] combined KNN with Dynamic Time Warping (DTW) distance to account for

temporal variations in hand gestures, achieving 95% accuracy.
Random Forest (RF)

Random Forest (RF) is an ensemble learning method that constructs a multitude of decision trees during
training and outputs the mode of their classes for classification [68]. By training each tree on a random
subset of data and features, it effectively reduces overfitting. Wang and Zheng [69] conducted a
comparative study of classifiers (RF, Neural Network, Decision Tree, SVM, Naive Bayes) for recognizing
atomic actions (e.g., raising/dropping a hand, walking, sitting, standing, falling). Their Random Forest
model achieved the highest accuracy (93.5%), which the authors attributed to its inherent robustness

against overfitting, a particularly valuable trait when working with limited training data.
Naive Bayes (NB)

Naive Bayes classifiers are based on applying Bayes’ theorem with a strong (naive) assumption of
conditional independence between every pair of features given the class label. While this assumption
rarely holds completely in real-world data, NB classifiers are often surprisingly effective and are known
to be robust to certain violations of this assumption. Sharma et al. [70] evaluated several classifiers
(Gaussian NB, Multi-Layer Perceptron, KNN, Random Forest) for recognizing basic activities (standing,
sitting, lying) using RF signals. Contrary to what might be expected, the Gaussian NB model achieved
the highest accuracy (95%), demonstrating its potential utility in certain HAR tasks.

Decision Tree

A Decision Tree is a predictive modeling tool that recursively partitions the feature space into regions,
making a sequence of hierarchical, logical decisions to arrive at a classification [71]. Zeng et al. [72]
proposed WiWho, a device-free person identification framework. Their system used a decision tree
classifier based on a standard set of statistical features (e.g., min, max, mean, variance, energy, entropy)

to recognize basic activities (walking, sitting, standing), achieving 95% accuracy.
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2.5 Statistical and Optimization Methods

In addition to machine learning methods, traditional statistical and optimization techniques play a critical
role in various aspects of device-free HAR system design. Unlike machine learning, which is often model-
dependent, statistical methods provide a means to analyze the inherent properties of the data itself,
independent of any subsequent classification algorithm. To illustrate, one could evaluate a feature's utility
for discriminating between two activities by training a Random Forest model on a subset of the data and
testing its accuracy. However, this outcome confounds the quality of the feature with the efficacy of the
model; a poor result does not preclude the feature being discriminative with a different classifier. In
contrast, a statistical test —such as the Kruskal-Wallis test [73]— directly compares the distributions of
the feature across different activities, providing an unbiased, model-agnostic assessment of its
discriminatory power. This section details the specific statistical and optimization methods leveraged in

this work.

2.5.1. MANOVA

Analysis of Variance (ANOVA) is a statistical method used to compare the means of a continuous variable
across two or more independent groups, determining whether any of those means are statistically
significantly different from each other. It operates by partitioning the total observed variance into
components: variance between groups and variance within groups. A significant F-statistic indicates that
the between-group variance is larger than would be expected by chance alone. The two primary versions

are one-way ANOVA (one independent variable) and two-way ANOVA (two independent variables).

In HAR, one-way ANOVA can be employed to evaluate the discriminatory power of individual features.
For example, to determine which of two features better distinguishes between two activities, an
independent ANOVA test is conducted for each feature. A statistically significant result (typically
indicated by a low p-value or a high F-statistic) suggests that the feature's distribution differs meaningfully
across the activities, marking it as discriminative. Even if both features are significant, their results are

comparable; the feature with the more extreme test statistic is considered more strongly discriminative.

Two-way ANOVA is utilized when a dependent variable is influenced by two independent factors. For
example, in a HAR study, one might investigate the effect of both activity type (e.g., walking, sitting) and
environment (e.g., room A, room B) on a specific feature. Two-way ANOVA assesses three effects: the
main effect of activity, the main effect of environment, and the interaction effect between activity and
environment. This analysis determines whether the feature varies significantly across activities, across
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environments, and whether the effect of an activity on the feature depends on the environment (or vice
versa). Such analysis is crucial for identifying features that are robust across environmental changes or
are specifically sensitive to certain activities, guiding the selection of reliable features for robust device-

free HAR systems.

Multivariate ANOVA (MANOVA) generalizes ANOVA to scenarios with multiple, correlated dependent
variables. In device-free HAR, where numerous features are extracted from sensor data, MANOVA
assesses whether the entire set of features differs significantly across groups (e.g., activity types). Its key
advantage over conducting multiple separate ANOVAs is that it accounts for the correlations between
features, providing a more holistic and statistically rigorous evaluation. Two-way MANOVA further
extends this to two independent factors and their interaction. For instance, it can examine how activity
type and environment jointly influence a multivariate set of features. This allows for the identification of
feature sets that are collectively discriminative for activities while being invariant to environmental

changes, thereby directly contributing to the development of more robust and accurate HAR models.

2.5.2. Genetic Algorithm

Genetic Algorithm (GA) is an optimization technique inspired by the principles of natural selection and
genetics. It iteratively evolves a population of candidate solutions toward an optimum by applying
operators such as selection, crossover, and mutation. In the context of device-free HAR, GAs are primarily
used for feature selection. The algorithm begins with an initial population where each individual
represents a candidate subset of features. The fitness of each individual—a measure of solution quality—
is evaluated using a predefined fitness function. A key contribution of this work is the use of a statistical
measure derived from MANOVA (e.g., p-value, Pillai's trace) as this fitness function, assessing the
combined discriminatory power of the feature subset. Individuals with higher fitness (e.g., lower
MANOVA p-value) have a greater probability of being selected to reproduce, passing their "genes"
(features) to the next generation. Over successive generations, this process evolves increasingly fit

solutions, ultimately identifying an optimal or near-optimal subset of features for activity classification.
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Chapter 3 Related Works

3.1 Human Activity Recognition

HAR gained significant academic and commercial attention following the publication of seminal papers
on activity recognition using wearable accelerometers [74] in 2004, cell phone accelerometers [75] in
2005, and a key survey of vision-based HAR [76] in 2008. However, even in these early years, researchers
noted critical limitations: privacy concerns associated with vision-based systems [77], and the discomfort
and lack of social acceptability [78] of wearable and object-tagged sensors [79]. At the time, a viable

solution to overcome both of these barriers simultaneously was not available.

The exploration of environmental sensors utilizing radio frequency signals led to the introduction of
device-free HAR after 2010 as a direct response to the drawbacks of earlier modalities. This emerging
approach was exemplified by early work such as Sigg et al. [80], which demonstrated the ability to
distinguish activities like walking, lying, crawling, and standing with high accuracy using software-
defined radio signals.

Table 3 Distribution of reviewed papers based on utilized sensors in device-free methods.

Category Subcategory # of Papers Percentage
WiFi 160 ~ 66%
Radiation Radar 34 ~14%
RFID 15 ~ 6%
Acoustic Acoustif: 14 ~ 6%
Ultrasonic 2 ~ 1%

. Visible Spectrum 4 ~2%
Optical Infrarr)ed 3 ~ 1%
Hybrid Hybrid 5 ~2%

Other Other 5 ~2%

As detailed in Section 2.1.1, the systematic literature review [32] conducted for this work categorized
device-free HAR methods based on sensing modality. The distribution of 242 reviewed papers (from 2017
to 2023) across these categories is presented in Table 3 and illustrated in Figure 8. The data reveals a clear
dominance of radiation-based sensors, which were employed in 199 papers (~82% of the total). Within
this category, WiFi-based sensing is by far the most prevalent, accounting for 160 papers (~66% of the
total). In contrast, acoustic sensors were used in only 14 studies (~6%), and optical sensors in merely 7

studies (~3%). This quantitative analysis underscores the research community's strong focus on RF-based
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methods, and particularly WiF1i, a trend that informs the focus of the research presented in this dissertation.
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Figure 8 Visualization of the distribution of studies based on utilized sensors in proposed device-free
methods

3.2 Device-free Human Activity Recognition

Device-free human activity recognition (HAR) leverages ambient signals to detect and classify human
activities without requiring the user to carry or wear any sensor. In these systems, sensors are embedded
in the environment (e.g., WiFi transmitters, radars, acoustic sensors) and emit signals such as radio waves,
sound waves, or light waves. The systems recognize activities by analyzing how the reflections of these
transmitted signals are altered by human motion. The definition of "device-free" has evolved. Initially, it
described any system where the user was unencumbered, a broad definition that included vision-based
methods as long as the camera was environmental [81], [82], [83]. However, as the field matured, a more
precise taxonomy has been widely adopted, categorizing HAR into three distinct modalities: device-based

(wearables, object-tagged), vision-based, and device-free (using non-visual ambient signals), thereby
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explicitly separating camera-based approaches from device-free methods [29].

A seminal early work in RF-based device-free sensing was introduced by Kosba et al. [84] , who proposed
a WLAN device-free passive (DfP) indoor localization system. Although focused on localization rather
than activity recognition, this work demonstrated the feasibility of using standard WiFi hardware for
detecting human presence and motion without carried devices, thereby paving the way for future device-
free HAR research. Building on this foundation, the work presented in this dissertation focuses
specifically on methods that utilize radio frequency signals, with a primary emphasis on WiFi for

recognizing human activities.

Types of Recognized Human Activities

Behavior Event
1% 0%

H-to-H or H-to-O
interaction
4%

Gesture
50%

Atomic Actions
45%

m Gesture = Atomic Actions  m H-to-H or H-to-O interaction = Behavior = Event

Figure 9 Visualization of the distribution of studies based on the type of recognized human activity
The systematic literature review [32] categorized the 242 studied papers based on the type of activities

recognized, adopting the taxonomy proposed by Vrigkas et al. [85]. This taxonomy defines: (1) gestures
(primitive body part movements, e.g., hand signs); (2) atomic actions (whole-body motions describing an
action, e.g., walking, sitting); (3) human-to-object (H-to-O) or human-to-human (H-to-H) interactions;
(4) group actions; (5) behaviors (actions presenting an emotion); and (6) events (high-level social actions).

As shown in Figure 9, the distribution of research is highly concentrated: 50% of studies focused on
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recognizing gestures (120 papers) and 45% on atomic actions (108 papers). This reveals that the vast
majority of device-free HAR research has addressed a relatively narrow range of simple, context-agnostic
activities (e.g., standing, sitting, walking, falling, or gestures like waving and clapping). Consequently,
there is a notable scarcity of studies focused on recognizing more complex activities within specific, real-

world contexts.

This gap is highlighted by the few studies that have targeted specific contexts. For instance, Zhou et al.
[86] focused on office activities, recognizing ten predefined actions including whole-body movements
(e.g., walking, jumping) and seated partial-body activities (e.g., typing, drinking, stretching), achieving
over 97% accuracy. Similarly, Wang et al. [87] targeted in-vehicle context, utilizing RFID to recognize
driver gestures (e.g., shoulder checks, answering a phone, pushing buttons) with 95% accuracy. These
works demonstrate the potential for device-free HAR in specialized domains but also underscore that such

focused studies are currently the exception rather than the norm.

3.2.1. Wi-Fi-Based HAR
In the nascent stages of WiFi-based sensing, the Received Signal Strength Indicator (RSSI) was the

primary metric used for localization and rudimentary activity recognition, largely due to its widespread
availability on commercial-off-the-shelf (COTS) devices [88]. However, the low granularity and high
susceptibility of RSSI to environmental noise and multipath effects fundamentally limited its utility for
fine-grained sensing tasks. A paradigm shift occurred circa 2013-2014 with the broader adoption of
Channel State Information (CSI) tools, which provided unprecedented access to the fine-grained physical
layer information of WiFi signals, heralding a new era for device-free HAR [89], [90]. Early pioneering
work quickly demonstrated the potential of CSI for fine-grained recognition, such as identifying words
from mouth motion profiles with 91% accuracy [91]. The field's evolution accelerated with the integration
of deep learning; the first studies applying Convolutional Neural Networks (CNNs) to CSI data emerged
around 2016, targeting activities like walking and falling [92]. This was swiftly followed by
demonstrations of sophisticated applications like contactless sleep monitoring [93] and elderly fall

detection [94] using commodity WiFi hardware.

In recent years, WiFi-based HAR has matured significantly [34], driven by three key developments: (1)
advances in WiF1i sensing technology, including higher-resolution CSI from WiFi 5/6 and mmWave [95];
(2) the adoption of advanced deep learning architectures like Transformers ; and (3) a expansion into

diverse real-world applications including fall detection [96], sleep monitoring [97], and smart home
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control [98]. Concurrently, the field has begun to address critical challenges such as privacy preservation

through techniques like federated learning [99] and system integrity via adversarial robustness research

[100].

3.3 Context-Specific Human Activity Recognition

3.3.1. Importance of Context in HAR

The concept of context is fundamental to human activity recognition. Drawing from early definitions in
mobile computing, context in HAR can be understood as "the location and identities of nearby people and
objects, and changes to those objects" [101]. Human activities are rarely performed in isolation; they
typically involve complex interactions between a user and their surrounding environment, people, and
objects. Even seemingly context-independent actions, such as yawning, are influenced by situational
factors, and this context is often inadvertently captured in the data collection process. This is especially
true for video-based and device-free HAR methods, where the sensor data inherently encapsulates a rich
signature of the environment. Consequently, the significance of context has been a subject of investigation
across all HAR modalities, including device-based [102], video-based [103], and, more recently, device-

free approaches [104].

3.3.2. Kitchen Activity Recognition

While traditional HAR research has largely focused on full-body activities like walking or sitting in
controlled environments, less attention has been given to recognizing complex, context-specific tasks in
real-world domestic settings. One such environment is the kitchen [105], an interaction-dense space
central to daily routines, nutrition, and cognitive functioning.

Kitchen activities involve frequent transitions, object interactions, and fine-grained hand movements
within specific spaces [106]. Unlike full-body activities, these tasks often exhibit overlapping motion
patterns, subtle gestures [107], and strong dependence on contextual factors such as layout, appliance
placement [73], and user behavior. Accurate recognition of such activities has potential applications in
dietary monitoring [108], elderly care [109], and cognitive health assessment [110].

Pham et al. [111] developed decision tree, Bayesian net, and naive Bayes classifiers to recognize 11 food
preparation actions: chopping, peeling, slicing, dicing, coring, spreading, eating, stirring, scooping,

scraping, and shaving. They put 3-axis accelerometer sensors in the utensils and asked 20 users to prepare
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a mixed salad. They achieved 82.9% of accuracy in recognition of the mentioned activities. Mohammad
et al. [112] provided a dataset containing smart-watch data for 10 participants performing kitchen
activities: mix with chopsticks, move aside, cut on board, put ingredients, peel off the onion, peel vinyl,
peel the cabbage, put food ingredients, wash cookware, pick up ingredients, serve on a dish, shake, cut
the ingredients, wipe the hands, and put a large object. Despite a relatively small amount of data,
Convolutional Neural Networks (CNN) achieved higher accuracy compared to traditional classifiers that
use statistical features. Monteiro et al. [113] proposed a vision-based HAR method using a deep neural
network (DNN) to recognize nine kitchen actions, breaking, mixing, baking, turning, cutting, boiling,
seasoning, peeling, and none, from videos of four participants performing five recipes, achieving an
average accuracy of 90%. These kitchen activities were originally defined by Bansal et al. [114] in 2013
which used a hybrid model using a support vector machine and a hidden Markov model and achieved
72% accuracy using the same dataset. In another study, Zolfaghari et al. [115] conducted a benchmark
study on recognizing six kitchen actions: pour, put, scrape, stir, take, and wait, using embedded sensors
in 37 kitchen objects, along with wearable sensors and video cameras. Using a hybrid Al model, they
achieved an F1-score of 81% for activity recognition. Liu et al. [116] recently designed a real-time kitchen
activity recognition system using wearable and environment devices like, accelerometer, gas sensors,
distance sensors, barometers, etc. They achieved 87% accuracy in recognition of 15 different activities in
kitchen context including opening and closing the refrigerator, opening and closing the microwave,
pouring and boiling water, stirring, drinking, using the toaster, opening and closing a cabinet, cleaning,

taking food items, and null class (standing idle).

The studies summarized above rely on object-tagged, wearable, or vision-based methods. While device-
free approaches have been applied to HAR since approximately 2018, their application to the kitchen
context has been exceptionally limited and peripheral, often recognizing only one or two kitchen activities
incidentally within a broader study, as comprehensively detailed in Table 4. This table categorizes
recognized kitchen activities into four groups: eating, food preparation, cleaning, and other activities.
Analysis of the table reveals two key insights: first, that activities related to food preparation represent
the most diverse and complex category; second, and more importantly, that the number of device-free
(DF) studies targeting these activities is vanishingly small compared to other modalities. The valuable
context provided by recognizing these activities—such as cooking pasta, preparing a meal, or making a
beverage—could significantly enhance context-aware recommender systems and personalized

advertising. Despite a rich body of HAR research in kitchens using other methods, device-free HAR for
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complex kitchen activities, particularly food preparation, constitutes a significant and unexplored research
gap. This gap is the primary focus of the research presented in this dissertation.

Table 4 Kitchen-related human activity recognition. VB: vision based, W: wearable, OT: object tagged,
DF: device free, ND: non-dining activity (1) eat, (2) get a snack, (3) drink, (4) eat soup, (5) eat chips, (6)
eat pasta, (7) eat sandwich (8) eat with hands, (9) eat with spoon, (10) eat with chopstick, (11) drink
with cup, (12) drink with bottle, (13) drink with straw, (14) cook pasta, (15) make tea, (16) prepare
breakfast, (17) prepare dinner, (18) prepare lunch, (19) prepare meal, (20) cook, (21) make a sandwich,
(22) make a bowl of cereals, (23) prepare beverage, (24) prepare hot beverage, (25) do the dishes, (26)
wash hands, (27) wash using washing machine (28) tidy the kitchen, (29) clean the table (30) set the
table, (31) open & close fridge, (32) open & close dishwasher, (33) do dining room activity, (34) do
kitchen activity

Method Dining Activity
Eatin Food Preparation Cleanin, Other
Study YearVBWOTDF1234567:91111111111222222222233333ND
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3.4 Positioning this Dissertation

As illustrated in Figure 10, this dissertation is positioned at the intersection of two research domains:
device-free human activity recognition and context-specific HAR within kitchen environments. While

significant advancements have been made in each domain independently, their integration remains a
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largely unexplored area. Prior kitchen HAR research has predominantly relied on wearable, object-tagged,
or vision-based methods, each with inherent limitations regarding privacy, usability, or deployment cost.
Conversely, device-free HAR research has largely focused on simple, context-agnostic activities like
walking, falling, or gesturing. This work directly addresses this gap by investigating the application of
device-free sensing, specifically using WiFi, to recognize the complex, fine-grained, and interaction-rich

activities characteristic of a kitchen.

Human Activity Recognition

Context-Specific
Activities

Figure 10 Positioning this dissertation
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Chapter 4 Problem Definition

4.1 Motivation and Background

4.1.1. Smart Homes: From Automation to Intelligence

Smart homes are defined by ecosystems of interconnected sensors and actuators that enable the control,
monitoring, and automation of household functions [142] . The foundational layer of smart home
functionality involves controlling elements like lighting, heating, or appliances via explicit user
commands or pre-programmed rules. These systems are largely static and possess limited adaptability to

dynamic user conditions or contexts.

The field has since evolved from basic automation toward intelligent decision-making [143][153] and
context-awareness [144]. Leveraging machine learning and advanced sensor technologies, modern smart
homes can infer user preferences and behavior patterns by passively observing interactions within the
environment. For instance, a system that learns a user consistently sets the temperature to 22°C at 10 PM
could proactively execute this adjustment or issue a reminder if the user forgets, adapting its response

based on its configured level of autonomy [145],[2].

This transition from automation to intelligence facilitates more personalized and efficient smart homes,
enhancing their ability to support applications like aging-in-place [146], health monitoring [147], [148],
and behavior recognition [149] (e.g., fall detection [150]). The integration of device-free sensing
technologies is a key enabler of this intelligence, as it permits passive, continuous monitoring without
requiring users to wear or interact with any device, thereby offering a privacy-preserving [151] and

unobtrusive [5], [152] solution.

4.1.2. Personalized Advertisement and Data Monetization

Personalized advertising represents a significant commercial application enabled by intelligent smart
homes. As illustrated in Figure 11, this can be facilitated through data trading systems that offer users
compensation in exchange for access to their behavioral data, creating a ecosystem for targeted advertising
and associated user benefits [153]. In this model, the system aggregates and processes user data, selling

anonymized insights to service providers who then deliver contextually relevant advertisements.
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Conventional approaches to advertising personalization often rely on low-level, explicit data streams such
as direct sensor readings, purchase histories, and user-provided profile information. The integration of
HAR introduces a paradigm shift. By inferring the specific activities a user is performing in real time, the
system can deduce high-level intent and context. Sharing this rich contextual information (e.g., "user is
preparing a chocolate cake") with service providers enables the delivery of profoundly more precise and
timely advertisements (e.g., for a specific brand of chocolate or baking utensils), effectively translating

ambient sensor data into actionable consumer insight.
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Figure 11 Personalized advertisement in smart home: a sequence diagram
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4.1.3. The Role of HAR in Kitchen

Among the most valuable and activity-rich contexts within a smart home is the kitchen. This environment
serves as the primary hub for food preparation and is a space where a wide variety of fine-grained, object-
interactive, and complex activities occur. As established in Section 3.3.2, kitchen activity recognition
underpins a wide range of applications, including health monitoring [110], dietary assessment [108],

energy management, and assisted living for elderly or disabled [109].

A particularly compelling application is personalized advertising. By accurately recognizing user
activities within the kitchen, smart home systems can infer immediate user needs and preferences in real
time. For example, upon detecting that a user is preparing a specific meal (e.g., pizza), the system could
proactively suggest related products (e.g., a premium mozzarella), complementary recipes, or limited-

time promotions, offering highly timely and contextually relevant recommendations.

The utility of HAR for this application is fundamentally governed by its granularity. Coarse-grained
recognition (e.g., determining that a user is active in the kitchen) enables the presentation of general,
kitchen-related advertisements. Fine-grained recognition (e.g., identifying the specific activity of
kneading pizza dough) allows for hyper-targeted advertisements (e.g., for a specialty olive oil or a pizza
stone). This hierarchical precision enables a powerful win-win scenario: service providers achieve higher
engagement and conversion rates through relevant advertising, while users benefit from offers that are

genuinely useful and aligned with their immediate tasks.

4.2 System Terminology

4.2.1. Sensory System

The performance of any device-free HAR system is heavily reliant on the capabilities of its sensory system
and the quality of the data it collects. Several key aspects of the sensor setup directly impact recognition
performance. The most significant challenges include sensor selection, sensor placement, determining the

optimal number of sensors, and ensuring real-time responsiveness.
Sensor Selection

The sensor is widely considered the most critical component in device-free HAR systems. The quality of
a sensor directly affects the performance of activity recognition. Previous studies [29] comprehensively
explained different sensors utilized in device-free HAR systems and compared them using various metrics

like resolution, update rate, detection range, unobtrusiveness, processing complexity, calibration
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complexity, sensitivity, life span, weather dependency, form stability, electric noise coupling, occlusion,
and power efficiency. However, a review of the literature reveals that this area remains underexplored;
there is a notable lack of studies that systematically compare the effect of different sensor types on

recognition performance across a large and diverse set of activities.
Sensor Placement

The effect of the environment on WiFi signal propagation is a well-established principle in the literature
[154]. Our previous work [73] demonstrated that sensor placement has a direct effect on performance. In
that study, all parameters affecting the signal were fixed to isolate the impact of placement. Cimdins et
al. [156] designed a 3D model of an experiment layout including the sensors, direct paths, and echo paths
resulting from reflections and investigated the optimal sensor placement for device-free localization.
Neupane et. al [157] assumed that increasing the line-of-sight leads to the optimal WiFi transceiver
placement. As an example, they theoretically and experimentally found that in a rectangular room, the

best location for the WiFi transmitter and receiver is in the middle of two long edges.

Lately, Wang et al. [44] demonstrated that WiFi sensing coverage is closely related to the distance
between the transmitter and receiver. Their experimental results showed that when the distance ranges
from 0.5 to 4 meters, the sensing area takes the shape of an ellipse with a long axis of approximately 4
meters and a short axis of up to 3 meters. When the distance reaches 5 meters the coverage area would be
like a Cassini oval and when the distance is more than 5 meters, two separated circles around the
transmitter and receiver with a less than 2 meters radius would be shaped. Although their research
theoretically studies the effect of LoS path length on sensing coverage and demonstrates it in two case
studies, the results cannot be generalized to all environments and layouts. Finding the best sensor
placement in a device-free environment to reach nearly optimal accuracy in recognizing fine-grained

human activities is still an open challenge in this field.
Optimal Number of Sensors

Propagated signals in device-free HAR systems are generated and collected using transmitter and receiver
sensors. Meanwhile, some sensors (like ESP32-WROVER-IE [158]) act as a transmitter and a receiver at
the same time called transceivers. Previous studies have employed configurations ranging from a single
transmitter-receiver pair to multiple receivers to collect propagated signals to recognize human activities
[159]. Some studies claim that methods using a single receiver outperform those with multiple sensors
[160]; however, such claims are often based on inequivalent comparisons and lack the scientific rigor

required for a fair assessment of the impact of sensor count on performance. Nevertheless, it highlights
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the need for more studies in the field of device-free HAR to explore and validate such claims.
Real-time Responsiveness

Most real-world applications of device-free HAR systems, such as assistive services for elderly people
[5], [161], [162] or personalized advertisement [153], require data to be analyzed in real time. Edge
computing can be a solution to tackle this challenge [163]. So, it’s crucial to know which sensors can
provide this capability. It is possible to train a classification model on an edge device or just save and run
the trained model on it. Liu et al. [164] proposed an RFID-based device-free HAR method which can be
deployed on edge devices to achieve real-time gesture detection. They evaluated their method by
officeroom4 [27] and Widar 3 [165] datasets. They achieved 99.1% accuracy 30 times faster than state of
the art methods and experimentally showed that their model is practical and sufficient for real-time human
activity recognition. A review of the literature suggests that this recent study [164] is among the few to
demonstrate a practical, real-time implementation of a device-free HAR system, highlighting a significant

area for further development.

4.2.2. System Users

A fundamental principle of device-free sensing is that system performance is influenced by how users
perform activities. These methods operate by analyzing signal propagation, and the characteristics of any
object—including its size, distance, material, and movement—affect signal reflections. As the human

body reflects signals, the kinematics of a user's movements directly alter the resulting signal patterns.
User Dependency

One of the key challenges in device-free HAR is that many proposed methods are user-independent. To
investigate the user-dependency of a recognition method, researchers evaluate classification models on a
set of subjects different from those used in the training phase. For example, Huang et al. [166] proposed
a user-independent HAR method to recognize granular human activities and tested their method on a
separate set of users. Their results showed that the approach was user-independent, achieving over 98%
accuracy in recognizing self-harvested actions such as clapping, hand waving, clicking, walking, sitting,
bending, jumping, and kicking. Similarly, Kim et al. [167] achieved an average accuracy of 90% in
recognizing 10 gestures from new users who were not involved in the training process. Despite some
efforts to create user-independent models, the results of the systematic literature review [32] (Figure 12)

indicate that the majority of studies in the field have not robustly addressed or evaluated this critical issue.
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Figure 12 Distribution of reviewed papers based on number of users
Multi-subject Activities
In many real-world applications of device-free HAR systems, more than one user is performing activities
at the same time; including activities that need to be done by more than one user [16] (e.g., playing chess,
shaking hands, hugging) or individual activities that are performing at the same time in the same
environment by two subjects [168] (e.g., one user doing the dishes while the other one cutting the bread).
As Figure 13 from our systematic literature review [32] indicates, few researchers have addressed

supporting multi-subject activities (14%) in device-free HAR that shows a significant knowledge gap.
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Interferer Presence

Some real-world scenarios contain more than one human subject present in the environment but only one
or some of them are the subjects of the device-free HAR method. In these situations, although other human
subjects are not the targets of the system, they should not be ignored. These interferers still affect the
signal propagation more than a static object (e.g., furniture). Previous studies have attempted to address
this challenge by considering the impact of interferers during the denoising step [169]. Lately, Jin et al.
[170] could achieve 93.01% accuracy in recognition of six human gesture including waving, greeting,
passing by, clapping, handshaking, and hugging in presence of three type of interfere activities including
walking, running, and behavior (like clapping and passing) using mmWave radars. However, interference

in HAR systems is still underexplored.

4.2.3. System Environment

The deployment environment is a defining characteristic of a device-free HAR system, directly
influencing signal propagation. Therefore, it is crucial to investigate environmental characteristics that
impact system performance. For instance, previous studies have successfully identified different surface

materials and textures using WiFi signals [155]. By measuring WiFi signal reflections, they achieved 95%
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accuracy in classifying five materials—copper, aluminum, plywood, birch, and human—demonstrating
that surface type significantly influences WiFi signal behavior. Therefore, the material composition of
walls, appliances, and furniture is an important characteristic of the environment to consider when placing
sensors in WiFi-based HAR systems. Consequently, researchers strive to conduct experiments in realistic

settings to ensure their results are generalizable and not artifacts of a specific, controlled lab condition.
Cross Environment Performance

The operational principle of device-free HAR is predicated on the physics of signal propagation. This
process involves the transmission of a signal and the analysis of its reflections from all entities within a
space, including walls, furniture, and humans. Consequently, the resulting signal pattern is exquisitely
sensitive to the environment; any alteration in furniture type, position, orientation, or room layout will
alter the propagation paths and change the received signal. This means the signal signature will differ
between two rooms with identical layouts but different furniture, and between two rooms with similar
furniture but different layouts. This inherent sensitivity renders device-free HAR methods highly

dependent on their deployment environment.

A core challenge arising from this dependency is cross-environment generalization—the ability of a
model to perform accurately in a new, unseen environment. While no single metric directly quantifies this
capability, the systematic literature review conducted for this dissertation [32] reveals that researchers
have attempted to demonstrate it by training and testing models in distinct environments (see Figure 14).
The scarcity of robust solutions in this area underscores the magnitude of the challenge. Figure 14
illustrates that 65% of the papers (157 out of 242) reviewed in our SLR [32] evaluated their methods in
only a single environment. Furthermore, among the studies conducted in multiple environments, a
significant numbers failed to adopt a cross-environment validation protocol (e.g., training in one
environment and testing in another). This prevalence of non-genralizable evaluation methods highlights

a knowledge gap regarding cross-environment generalization of device-free HAR methods.
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Real-world data gathering
Given that signal propagation is so intimately tied to the environment, evaluating the performance of a
device-free HAR system under realistic conditions is paramount for assessing its real-world applicability.
The literature shows that experiments are typically conducted in one of three tiers of environmental

realism:

e Controlled Laboratory Environment: A space designed explicitly for experimentation, where
the placement of objects and sensors is optimized for data capture rather than realism. Users

perform scripted activities solely for data-gathering purposes [16].

e Realistic Simulated Environment: An environment designed to closely mimic a real-world
setting (e.g., a mock kitchen or living room built in a lab), though data collection remains the

primary goal. Users still perform activities prompted by an experiment protocol [171].

e In-Situ Environment: A genuine real-world setting (e.g., an actual home kitchen). Data is
collected during the course of users' normal, daily routines, meaning activities are performed

naturally and are not scripted for the experiment [172].
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Gather data in a Simulated environment

The results of our SLR [32] indicated that only 13% of studies utilized existing datasets, highlighting a
critical field-wide challenge: the scarcity of large, diverse, and publicly available datasets. The primary
impediment is the high cost and logistical complexity of collecting high-fidelity data in real-world

settings.

Simulation-based data generation [210] presents a promising yet underexplored solution to this data
scarcity problem. By accurately modeling electromagnetic wave propagation within 3D simulated
environments, it is possible to synthetically generate vast, comprehensive datasets. These virtual datasets
could encompass a wide range of fine-grained and coarse-grained activities, performed by virtual humans
with different kinematics, across countless environmental contexts and layouts. This approach represents
a significant potential paradigm shift for the field, offering a path to overcome its fundamental data

limitations and serving as a crucial area for future research.

4.3 Problem Formulation

This dissertation focuses on developing novel methods for accurate, device-free human activity
recognition (HAR) in kitchen environments using Wi-Fi signals. The research specifically addresses core
challenges in environmental robustness, recognition granularity (from coarse to fine-grained activities),

and specific-context activity recognition for real-world application.

4.3.1. Statement of the Research Problem
Despite significant advances in device-free HAR, a critical gap exists between its theoretical potential and
its practical, reliable application in real-world kitchen environments. This gap is characterized by four

interconnected core problems:
Problem 1. The Context-Specific Granularity Problem

While device-free HAR has proven effective for coarse-grained activities (e.g., walking, sitting, falling)
in general settings, its ability to reliably distinguish the fine-grained and subtle activities specific to a
kitchen context (e.g., chopping vs. stirring, pouring vs. shaking) remains unproven and underexplored.
Determining how existing methods can be adapted or extended to recognize such subtle activities remains

an unresolved challenge.
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Problem 2. The Environmental Robustness Problem
The performance of WiFi-based HAR is notoriously sensitive to the environment.

A) Most existing systems are trained and evaluated in controlled, single-environment labs, leading to

models that fail to generalize.

B) There is a profound lack of understanding of how to achieve cross-environment robustness,
ensuring a model developed in one kitchen layout performs accurately in another with different
furniture, appliance placement, and material compositions. This lack of generalizability is a major

barrier to real-world deployment.

To expand on the notion of generalizability, it is important to examine whether models can consistently
recognize the same type of activity (with same intentional action and performed with comparable motions)

across environments with differing spatial and material configurations.
Problem 3. The Data Scarcity and Benchmarking Problem

Progress in any machine learning domain is fueled by large, public, and well-defined datasets. The field
of device-free kitchen HAR suffers from an absence of inclusive public datasets that encompass a wide
range of fine-grained activities collected in realistic settings. This scarcity impedes the development, fair
comparison, and benchmarking of new algorithms. This problem is closely tied to Problem 2, as creating
inclusive datasets that capture activities across multiple real-world environments would not only enable

fair benchmarking but also foster the development of models with greater environmental robustness.
Problem 4. The Optimization Problem

The optimal approach for kitchen HAR is unknown. It is unclear whether classical machine learning or
deep learning is best suited to handle the high-dimensional, noisy nature of WiFi signals (CSI/RSSI) for
this specific task. Furthermore, key system parameters, most notably the optimal placement of
transceivers within the complex RF environment of a kitchen, have not been systematically investigated

to maximize recognition quality.

Therefore, the overarching research problem targeted by this dissertation is the development and
validation of a cross-environment robust, accurate, and generalizable system for fine-grained, device-free
human activity recognition in real-world kitchen environments using WiFi signals. This work tackles the
problems of granularity, environmental dependency, data scarcity, and feature selection optimization to

bridge the gap between laboratory proof-of-concepts and practical smart home applications.
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4.3.2. Research Questions

This dissertation seeks to address the following research questions to tackle the problems introduced in

previous section:

e RQI: What are the key steps and processes involved in recognizing human activities in a device-

free context? (to address Problem 4)

e RQ2: Can WiFi-based device-free sensing be utilized to recognize kitchen activities with high

accuracy without requiring users to carry or wear any device? (to address Problem 1)

e RQ3: To what extent can WiFi Channel State Information (CSI) and Received Signal Strength
Indicator (RSSI) signals be used to recognize fine-grained human activities in a kitchen context

within real-world environments? (to address Problem 1)

e RQ4: How can the performance of kitchen activity recognition in real-world environments be

improved? (to address Problem 2)

o RQ4.1: How does the type of activities in the kitchen context influence HAR performance,
and how does recognition accuracy vary across different sets of activities? (to address

Problem 3)

o RQ4.2: How does sensor placement in the kitchen context affect HAR performance, and

what configurations yield the highest recognition accuracy? (to address Problem 4)

RQS5: How can classical machine learning and deep learning approaches be optimized for device-

free kitchen activity recognition? (to address sProblem 4)

4.3.3. Research Approach

To answer the research questions and address the identified research problems, this dissertation follows a
structured, stepwise research approach. The approach begins with a systematic literature review to
establish foundational knowledge, identify methodological patterns, and highlight key knowledge gaps in
device-free HAR. Building on these insights, an initial device-free HAR method is proposed and tested
using a publicly available dataset, followed by its extension and evaluation for fine-grained kitchen
activity recognition (Problem 1). Subsequent steps involve adapting the method for real-world
environments (Problem 2), designing and collecting and inclusive kitchen activity dataset (Problem 3),
and finally developing a multi-method HAR system that integrates classical, deep learning, and transfer

learning approaches (Problem 4).
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Each step is explicitly designed to target one or more of the four research problems and is mapped to
specific sections of the dissertation. This mapping is summarized in Table 5, which illustrates how each

step contributes to the overall research and ensures coverage of all identified challenges.
Step 1.Systematic Literature Review

Given the vast and fragmented body of work in device-free HAR, a systematic literature review of more
than 2,000 research papers was conducted to identify foundational principles, common steps, dominant
research focuses, potential research gaps, and reusable methods applicable to each stage of the HAR
pipeline. This review aimed to uncover best practices for recognizing fine-grained human activities in
specific contexts, such as kitchens, with a particular focus on addressing Problem 4 by highlighting
available methods and knowledge gaps in device-free HAR. The results of this review are integrated

throughout the dissertation and can be found in Sections 2.43.1, 3.2, 4.2, and 7.1.1
Step 2.Initial Device-Free Kitchen HAR Study

Building on existing public HAR datasets and state-of-the-art methods, this step involves replicating and
refining device-free HAR models as an initial step toward kitchen-specific activity recognition, thereby
assessing feasibility and identifying potential methodological improvements prior to developing a
context-specific system. A publicly available dataset containing fine-grained human activities was
selected to evaluate the proposed approach. The outcomes of this feasibility study are presented in Chapter

5, that 1s a base method to address Problem 1.
Step 3.Fine-Grained Device-Free Kitchen HAR

Given the unique challenges of kitchen environments and the need for fine-grained activity recognition,
adapt and extend existing device-free HAR methods to ensure they can accurately distinguish between
closely related kitchen activities. In addition, this step investigates how variations in activity granularity
and sensor placement influence the performance and reliability of device-free HAR methods in kitchen
environments. In this step, Problem 1 is mostly targeted by investigating the feasibility of an extended
version of proposed initial device-free HAR method (Step 1) in recognition of fine-grained kitchen
activities as presented in 5.2. Investigation of the effect of granularity on quality of the device-free HAR
method is also performed in 5.3 to enforce the importance of Problem 1. At the end of this step, 5.4
investigate the quality of the device-free HAR method on different sensor placements to suggest the base

sensor placement for collecting inclusive dataset highlighted in Problem 3.
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Step 4. Kitchen Activity Dataset Collection

Given the absence of large-scale, publicly available datasets for device-free kitchen activity recognition,
design and collect a comprehensive RF-based dataset covering a diverse range of kitchen activities,
ensuring it supports both coarse- and fine-grained recognition tasks and can be used to benchmark
different methods. This step addresses Problem 1, Problem 2, and Problem 3 as it includes an inclusive
dataset containing granular activities from various environments. Subsections of 0 explains how this
inclusive dataset includes a range of granular activities (Section 6.1.3) and various real-world

environments (Section 6.1.2).
Step 5. Multi-Method HAR System

Given RF signal measurements of kitchen activities, develop and evaluate a hybrid recognition system
that integrates deep learning, transfer learning, and classical machine learning approaches to identify the
most effective method, and optimize the best-performing approach for recognizing an extended range of
kitchen activities. While this step is primarily targets Problem 4, the experiments designed after
optimization in Section 6.4.4 and Section 6.4.5, targets Problem 1 and Problem 2 by recognizing granular

activities and recognizing environment-activity pairs respectively.

Table 5 Mapping of Research Steps to Addressed Problems and Relevant Sections

Problem 1 Problem 2 Problem 3 Problem 4
Section 3.2 Section 4.2.3 . Sectloq 24
. Section 4.2.3 Machine
Step 1 Device-free Human System . .
Activity Recognition | Environment System Environment Learning
Methods
Section 5.1
Step 2 Feasibility Study 1 i ] j
Section 5.2
Sten 3 Feasibility Study 2, i Section 5.4 i
P Section 5.3 Feasibility Study 4
Feasibility Study 3
Sten 4 Section 6.1.3 Section 6.1.2 Section 6.1 i
P Activity Environment | Dataset Collection
Section 6.4.4 Section 6.4.5 Sectloq 64
Step 5 . . - Learning
Experiment 2 Experiment 3 LS
Optimization
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Chapter 5 Feasibility Study

This chapter presents four feasibility studies (Step 2 and Step 3 of research approach) conducted to

establish the potential of device-free HAR methods to recognize fine-grained kitchen activities, directly

addressing address Problem 2 and Problem 3 outlined in this dissertation.

5.1

Feasibility Study 1 (Section 5.1)validates the core technical pipeline by applying a novel CSI-
RSSI fusion method to a general human interaction dataset. Its success demonstrates the method's
technical feasibility and its potential to be extended for granular kitchen activity recognition,

thereby addressing Problem 2.

Feasibility Study 2 (Section 5.2) investigates the method's transferability to the kitchen domain.
The results confirm the possibility of recognizing fine-grained kitchen activities while

highlighting specific challenges, providing critical insights for Problem 2.

Feasibility Study 3 (Section 5.3) quantitatively isolates the impact of activity granularity. By
demonstrating that high performance on coarse-grained activities does not guarantee success with

fine-grained ones, it underscores a key challenge central to Problem 2.

Feasibility Study 4 (Section 5.4) evaluates the critical role of sensor placement within a kitchen
environment. Its findings directly motivated the optimal sensor configuration used in Dataset

Collection step, a decision that addresses Problem 3.

Feasibility Study 1: Validation on an Existing Dataset

5.1.1. Study Design and Objectives

This feasibility study was conducted to develop a robust, device-free HAR method [47] using a public

dataset [173]. The primary objective was to create a competitive benchmark model that effectively fuses

Channel State Information (CSI) and Received Signal Strength Indicator (RSSI) features for recognizing

fine-grained human-to-human interactions. Success in this general domain would validate the proposed

signal processing and feature engineering pipeline (Figure 15) before its application to the specific context

of kitchen activity recognition.
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Figure 15 Feasibility Study 1 - A novel method for fine-grained human activity recognition by

5.1.2. Dataset

The study utilized the dataset [173], which captures Wi-Fi signals (CSI and RSSI) during interactions
between two human subjects. The dataset comprises 12 interactions performed by 40 different subject
pairs, with each pair repeating each interaction 10 times. From these, seven distinct interactions were
selected for this study: approaching, departing, handshaking, hugging, pointing (right hand), punching
(right hand), and pushing. Each data sample consists of CSI data (30 subcarriers) from a 2x3 MIMO
system and RSSI data, with varying packet lengths up to 2,200.

combining CSI and RSSI features

5.1.3. Preprocessing Pipeline

The raw data underwent a multi-stage preprocessing pipeline:

1.

single time-series vector for each transmitter-receiver antenna pair.

CSI) using the formula Normalized Power =

|H;|?

N

length. This emphasizes signal variations caused by movement.
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Averaging: To reduce dimensionality, the 30 subcarriers of the CSI data were averaged into a

Normalized Power Calculation: The averaged CSI data was converted to normalized power (NP-

, where H; is the CSI value and N is the packet

Length Standardization: All NP-CSI sequences were resized to a fixed length of 2,200 packets




(the maximum in the dataset) using linear interpolation to ensure uniform feature extraction.

4. Noise Reduction: A high-pass filter was applied in the frequency domain to remove low-amplitude

noise components (Algorithm 1).

5. Segmentation: The preprocessed NP-CSI data was segmented using a sliding window (size=128
packets, overlap=64 packets) for temporal feature extraction. RSSI data was used without

segmentation for coarse-grained features.

| Algorithm 1 Removing Noise using High Pass Filter

Input: Average of 30 subcarriers NP-CSI data

Output: Average of 30 subcarriers NP-CSI data without noise
1: FT = Fourier Transform of data signal
2: fori= 0tolength(FT) do
3 if FT[i] < 20 then
4 FT[i] = 0
5: endif
6
7
8

: end for
: IFT = Inverse Fourier Transform of FT
: return IFT

5.1.4. Feature Engineering

A comprehensive set of 588 features was extracted per sample, falling into two categories:

e (lobal Features (10): Seven frequency-domain features were extracted from the entire NP-CSI
sequence (F1-F7), capturing overall signal characteristics like dominant frequencies and entropy.
Three features were extracted from the RSSI data (F8-F10), capturing the base energy level from
each receiver antenna. The detailed algorithms for extracting these global features are described

in our previously published work [47].

e Windowed Features (578): For each of the 34 segments, 12 time-domain features (F11-F22) and
5 frequency-domain features (F23-F27) were extracted. These included statistical measures (e.g.,
kurtosis, mean absolute deviation), signal properties (e.g., number of peaks), and spectral
properties (e.g., median frequency, occupied bandwidth). The complete list, mathematical

definitions, and implementation details for all windowed features are provided in [47].

The entire feature extraction pipeline, along with a comprehensive evaluation of each feature's
contribution, has been peer-reviewed and published in [47]. This manuscript can be consulted for full

algorithmic details and implementation code.
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5.1.5. Classification and Hyperparameter Tuning
The resulting 588-dimensional feature vectors were used to train seven classical machine learning
classifiers (SVM, GNB, DT, LR, LDA, KNN, RF). A generalized model was trained on data from all
subject pairs to ensure real-world applicability. A rigorous grid search was employed to find the optimal
hyperparameters for each classifier (Table 6).

Table 6 Classification hyperparameters

Hyperparameters
Classifier Parameter Search Space Best
Value
Support Vector kemell 'tbf, 'sigmoid' ‘tbf”
Machine (SVM) C (regulation) 0.1,1, 10, 100 0.1
gamma 1,0.1,0.01,0.001 0.001
Gaussian Naive Bayes Smoothing le-2, 1e-3, le-4, 1e-5, 1e-6, 1le-7, 1e-8, 1e-9, le- le-14
(GNB) variable 10, le-11, 1e-12, 1e-13, 1e-14, le-15
criterion 'gini', 'entropy’ 'entropy’
splitter 'best', 'Tandom'’ 'best'
Decision Tree (DT) max_depth range (1, 10) 6
min_samples_split range (1, 10) 2
min samples leaf range (1, 5) 8
Penalty 11, 12 12
Logistic Regression C 0.001, 0.01, 0.1, 1, 10, 100, 1000 0.001
(LR) Solver 'newton-cg', 'Ibfgs', 'liblinear' nezvgt'on-
Linear Discriminant solver. 'svd, lsqr, cigen' svd
Analysis (LDA) store covariance True, False True
tolerance 0.0001, 0.001,0.01, 0.1 0.1
n_neighbors range(3,10) 6
K Nearest Neighbors weights 'uniform', 'distance’ 'distance’
(KNN) algorithm 'auto', 'ball tree', 'kd tree', 'brute’ 'auto’
p 1,2 1
criterion 'gini', 'entropy’, 'log_loss' 'log loss'
max_depth range(1, 10) 9
Random Forest (RF) [ min_samples_split range(1, 10) 5
min_samples leaf range(1, 5) 1

5.1.6. Evaluation Method

Model performance was evaluated using an 80/20 train-test split. Six metrics were used: Accuracy,
Precision, Recall, F1-Score, Cohen's Kappa, and Area Under the Curve (AUC) [174]. These metrics
provide a holistic view of performance, balancing per-class effectiveness (Precision, Recall) and overall

agreement (Kappa).
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5.1.7. Results and Discussion

Initial experiments on all 12 interactions yielded a maximum accuracy of 67.81% with Random Forest
(RF), with confusion analysis revealing inherent ambiguities between certain activities (e.g., left vs. right-
hand pointing). By focusing on the seven most distinguishable interactions, performance improved
dramatically. The RF classifier achieved the best performance on the refined 7-class problem, with an
accuracy of 94.16% (see Figure 17). The confusion matrix (see Figure 16) shows high per-class accuracy,

with minimal confusion between classes.

True label

1 2 3 5 9 11 12
Predicted label

Figure 16 Feasibility Study 1 - Confusion matrix using the RF method for recognizing 7 interactions

Evaluation
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30.00%
20.00%
10.00% I I
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Figure 17 Feasibility Study 1 - Evaluation of different classification methods for recognizing 7
interactions
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5.1.8. Conclusion of Feasibility Study 1

This study successfully developed and validated a high-accuracy device-free HAR method using a fusion
of CSI and RSSI features. The achieved performance of 94.16% is competitive with state-of-the-art
results on this dataset. Crucially, this result demonstrates the feasibility of the core technical approach,
sophisticated preprocessing and multi-domain feature extraction from Wi-Fi signals for fine-grained
activity recognition. The effectiveness of this pipeline provides a strong foundational justification and a
method blueprint for the subsequent research presented in this dissertation, which applies and adapts this

approach to the specific challenges of kitchen activity recognition.

5.2 Feasibility Study 2 — Performance on Fine-Grained Kitchen
Activities

5.2.1. Study Design and Objectives

This study aimed to evaluate the transferability and limitations of the device-free HAR method developed
in Feasibility Study 1 [47] by applying it to the recognition of fine-grained activities in a kitchen context
[106]. The primary objective was to determine whether a model designed to recognize human-to-human
interactions could be effectively repurposed for distinguishing complex, object-centric kitchen activities,
specifically six basic knife skills: chop, French cut, cube, slice, julienne, and mince (see Figure 18). A

peer-reviewed publication based on this feasibility study can be found in [106].

N > aned
)))) 2% A

Figure 18 Feasibility study 2 - six basic knife activities in cooking. From left to right: chop, French cut,
cube, slice, julienne, and mince.

5.2.2. System Architecture and Method

The system architecture for data collection and activity recognition is illustrated in Figure 19. A user
performed activities within the propagation path between an ESP32 microcontroller (functioning as a
WiFi transceiver) and an iPhone 12 mini (functioning as a receiver). The received WiFi Channel State

Information (CSI) and Received Signal Strength Indicator (RSSI) data were streamed to a laptop for
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Figure 19 Feasibility study 2 - system architecture
The core HAR method from Feasibility Study 1 [47] was employed, consisting of:

1. Data Oversampling: To augment the limited dataset, a novel oversampling technique was applied.
For each recorded data sample, ten new samples were generated by iteratively removing the first
five packets from the previous sample. This approach is valid for these activities as they consist

of sequential, repetitive motions; removing initial repetitions does not alter the fundamental

activity signature.

standardization via linear interpolation) from Study 1 was applied. The feature set was also

replicated, extracting:
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e Global Features: Seven CSI features (F1-F7) and three RSSI features (F8-F10) from the

entire sample [48].

e Windowed Features: Seventeen statistical features (e.g., number of peaks, kurtosis, mean
frequency) were extracted from windowed segments of the CSI data (window size=64,

overlap=32).

3. Classification: The resulting feature vectors were used to train and evaluate multiple classical

machine learning classifiers (LDA, SVM, GNB, LR, DT).

5.2.3. Experimental Setup and Data Collection

The physical setup comprised an ESP32 transceiver and an iPhone receiver (Figure 20), positioned in a
controlled room (Figure 21) with a specific layout (Figure 22). Two participants were asked to perform
each of the six knife activities (see Figure 23) five times, resulting in an initial dataset of 60 samples.
Following the oversampling procedure, the dataset was expanded to 660 samples for analysis. The cleaned

dataset has been made publicly available [175].

Figure 20 Feasibility study 2 - system instruments: iPhone 12 mini (right) as a WiFi receiver and ESP32
(left) as a WiFi transceiver.
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Figure 22 Feasibility study 2 - layout of the system experiment
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igure 23 Feasibility study 2 - experiment photos

5.2.4. Results and Discussion

The study evaluated performance on two tasks:
e Task 1: recognition of three activities (chop, French cut, slice)

The SVM classifier achieved the highest accuracy of 74% (Figure 24). The confusion matrix
(Figure 25) shows good distinguishability between these three activities, demonstrating that the
method generalized reasonably well from human interactions to this specific subset of kitchen

activities.
e Task 2: recognition of all six activities (i.e., chop, French cut, cube, slice, julienne, and mince)

Performance dropped significantly to an accuracy of 36%, which is unacceptable for practical

application.

The high performance on three activities confirms the feasibility of using WiFi sensing for some fine-
grained kitchen tasks. However, the sharp performance decline when including all six activities highlights
the fundamental challenge and a key limitation of the transferred method: CSI and RSSI data alone appear
to lack the discriminative power to distinguish between very similar, fine-grained object manipulations
(e.g., cubing vs. julienne). This suggests that the current feature set, while effective for larger body
movements, may be insufficient for this more complex domain. Furthermore, the dataset size, even after

augmentation, may still be too small for the complexity of the problem.
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Figure 24 Feasibility study 2 - performance evaluation of classification methods in recognition of three
basic knife activities in cooking (chop, French cut, and slice)
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Figure 25 Feasibility study 2 - confusion matrix of using SVM to classify three basic knife activities;
i.e., chop, French cut, and slice.
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5.2.5. Conclusion and Implications

As detailed in [106], This study demonstrated that a device-free HAR method designed for human
interactions can achieve modest accuracy (74%) when applied to a limited set of three fine-grained kitchen
activities. However, its performance degrades severely when applied to a fuller range of six highly similar

activities (36% accuracy).
The findings lead to several critical conclusions for the future direction of this research:

e Transferability is limited: Methods for coarse-grained activities do not automatically translate to

fine-grained tasks.

e New features are needed: The solution likely requires novel feature engineering or deep learning

approaches specifically designed to capture the subtle nuances of kitchen activities.

e Multi-Modal sensing may be necessary: Fusing WiFi data with other contextual cues (e.g., object

presence via RFID or computer vision) could be essential for high accuracy.

e Larger datasets are crucial: significantly larger and more varied datasets are required to train

robust models for this complex domain.

Thus, while proving initial feasibility, this study primarily serves to clearly define the specific challenges
that must be addressed to achieve robust device-free HAR in kitchen environments, which will be the

focus of the subsequent chapters of this dissertation.

5.3 Feasibility Study 3 — The Impact of Activity Granularity

5.3.1. Study Design and Objectives

While the performance gap between coarse and fine-grained activity recognition is well-documented for
wearable and vision-based systems [179], it remains quantitatively unexplored in device-free HAR. It is
often assumed that fine-grained activities are more challenging to recognize, but the magnitude of this
effect and its implications for method transferability are unknown. This study aimed to scientifically
investigate whether a device-free HAR method that performs well on coarse-grained activities can
maintain its performance when applied to fine-grained activities, under otherwise identical conditions

[107]. The objective was to isolate and measure the effect of activity granularity on recognition accuracy.
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5.3.2. System Architecture and Method
The system architecture is shown in Figure 26. The experimental setup was held constant: the same
kitchen from Study 5.4, the optimal sensor placement (Placement 2), the same user, and the same data

collection apparatus (ESP32 transceiver, iPhone receiver) were used.
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Figure 26 Feasibility study 3 - system architecture
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Data Collection and Augmentation
The user performed two distinct activity sets:

e Coarse-grained Activities: Stir-frying potatoes, moving cans from a fridge to a cabinet, and

filling/turning on an electric kettle (Figure 27).
e Fine-grained Activities: Chopping, slicing, and French cutting potatoes (Figure 35).

Each activity was performed five times, creating an initial dataset. To mitigate the small sample size and
improve model generalization, a data augmentation algorithm (Algorithm 2) was employed. This
algorithm applied random noise injection (¢ = %0.05) to the CSI and RSSI values of each packet,
generating 99 new synthetic samples from each original sample, resulting in a final dataset 100 times

larger.
Feature Extraction and Classification

The feature extraction pipeline from [47] was applied, resulting in a 212-dimensional feature vector for
each sample. A hard-voting ensemble classifier was implemented, combining the predictions of three
individual classifiers (Gaussian Naive Bayes, Linear Discriminant Analysis, and Support Vector

Machine) that demonstrated the highest preliminary accuracy. The final classification decision was made
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by majority vote.
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Figure 27 Feasibility study 3 - three coarse-grained activities. from left to right: a) stir-frying cubed
potato, b) taking several cans from the fridge and putting them on a cabinet, c) filling an electric kettle

with water and turning it on

| Algorithm 2 Data Augmentation

Input: Data Entry

Output: 99 Augmented Data Entry
l:data = Input Data Entry

2: listOfAugmentedData = [ ]
3:fori= 0to99 do

packetlist,, = []

for packet in data.packets:

4
5
6:
7.
8

9.

10:
11:
12:
13:
14:
15:
16:
17:

&, = random number in [—0.05, 0.05]

RSS1,, = (1 + &) X packet. RSSI

CSl,, =]

for CSI in packet. CSI:
& = random number in [—0.05,0.05]
CSl,,,.add((1+ &) X CSI)

end for

packet,, g = Packet (RSSlgyg, CSlgyg)

packetlist,, .add (packetw)

end for
data,, = Data (packetlist,,,)

aug

listOf AugmentedData.add(data,,,)
18: end for
19: return listO f AugmentedData

5.3.3. Evaluation and Results

Model performance was rigorously evaluated using 5-fold cross-validation for both activity sets

independently.

Coarse-grained activities: The voting ensemble classifier achieved a mean accuracy
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0f 92.27% (Figure 28). The confusion matrix (Figure 29) shows high per-class accuracy with

minimal confusion.

e Fine-grained activities: Using the identical method, feature set, and classifier, the mean accuracy
dropped significantly to 51.53% (Figure 30). The confusion matrix (Figure 31) shows substantial

confusion between all three activities.

The dramatic 40% drop in accuracy for fine-grained activities can be attributed to two fundamental
challenges intrinsic to the device-free sensing paradigm. First, fine-grained activities (e.g., chopping vs.
slicing) involve smaller, more localized, and more similar limb motions, primarily in the hands and
forearms. These subtle movements generate correspondingly smaller and less distinctive perturbations in
the ambient WiFi multi-path profile compared to the large, full-body displacements of coarse-grained
activities (e.g., moving between fridge and cabinet). Second, the signal features extracted from CSI and
RSSI data, while effective for distinguishing gross motor patterns, lack the discriminative resolution to
capture the nuanced temporal and spectral signatures of near-identical hand kinematics. Consequently,
the feature vectors for different fine-grained activities become statistically inseparable in the model's
learned space, leading to near-chance-level classification performance with a standard activity recognition

pipeline.

Test fold

Iteration Accuracy

(\
1 I ] . 99.67%

2 | ‘ . 100%

3 . ] 99.00%
4 - ] 66.67%
5 . | ] 96.00%

Average Accuracy = 92.27%

Figure 28 Feasibility study 3 - fold cross-validation of presented method for coarse-grained activity
recognition.
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Figure 29 Feasibility study 3 - recognition accuracy of coarse-grained activities i.e., stir-frying cubed

potato, taking several cans from the fridge and putting them on a cabinet, and filling an electric kettle
with water and turning it on.
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Figure 30 Feasibility study 3 - five-fold cross-validation of presented method for fine-grained activity
recognition.
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Figure 31 Feasibility study 3 - accuracy of fine-grained activities i.e., chopping, slicing, and French-
fries cutting

5.3.4. Conclusion

This study provides conclusive evidence that activity granularity is a dominant factor influencing the
performance of device-free HAR systems. The results demonstrate a stark performance gap: a system
achieving high accuracy (92.27%) on coarse-grained activities failed to maintain comparable performance
on fine-grained activities (51.53%) when all other variables were rigorously controlled. This indicates
that methods developed for coarse-grained activities are not automatically transferable to fine-grained
tasks. The challenge of fine-grained recognition is fundamental and necessitates specialized techniques in
feature engineering, model architecture, and learning paradigms, which defines the core problem

addressed in the remainder of this dissertation.

5.4 Feasibility Study 4 — Sensor Placement in Kitchen Environment

5.4.1. Study Design and Objectives

The performance of device-free Human Activity Recognition (HAR) systems is inherently tied to the
propagation of wireless signals, which is heavily influenced by the physical environment. While previous
research has optimized sensor placement for maximum coverage or signal strength [44], [157], [176], a
critical gap exists in understanding how strategic placement within a complex, cluttered environment like

a kitchen directly affects the discriminative power of the extracted data for activity classification. The
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underlying hypothesis is that placement governs the Line-of-Sight (LoS) conditions between the radio
path, the user, and the activity area, which in turn determines the nature and strength of the multi-path
signal propagation caused by human motion. This study aimed to scientifically evaluate the effect of
sensor placement on device-free HAR performance in an authentic kitchen. The primary objective was to
develop and evaluate an empirical method for optimizing sensor placement by determining which sensor
placement provides the most distinguishing data for recognizing fine-grained kitchen activities [73]. The

optimization criterion was the statistical separability of activity classes in the extracted feature space.

5.4.2. System Architecture and Method

The research method followed a three-tiered pipeline illustrated in Figure 32: data acquisition, feature

extraction, and statistical evaluation.

Data Utilize an Authentic | — o - !
Acquisition Ervironmiont » Sensor Placement »  Data Gathering '
v H

HAR : J A .| Feature Reduction |
Methodology Preprocessing » Feature Extraction using PCA '

(C )47 Evaluation

Figure 32 Feasibility study 4 - research method

Data Acquisition

Data was collected in a fully furnished, authentic kitchen (237 cm x 226 cm x 244 cm), containing standard
appliances, cabinets filled with utensils, and various obstacles (Figure 33). Three strategic sensor
placement configurations were deployed using an ESP32 WiFi transceiver and an iPhone 12 mini receiver

(see Figure 34 and Table 7):
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e Placement 1: The performing area was in the Line-of-Sight (LoS) of the sensors, while the user

was in Non-Line-of-Sight (NLoS).
e Placement 2: Both the user and the performing area were in LoS.
e Placement 3: Both the user and the performing area were in NLoS.

A single participant performed three fine-grained knife activities (chopping, slicing, and French cutting
potatoes; Figure 35) five times each for every sensor placement, following a strict timeline (Figure 36).
This procedure resulted in 45 raw data samples (3 activities x 5 trials x 3 placements).

Table 7 Feasibility study 4 - the sensor placement strategies

Sensor Placement User Performing Area
Placement 1 NLoS LoS
Placement 2 LoS LoS
Placement 3 NLoS NLoS

Figure 33 Feasibility study 4 - the authentic kitchen used in the experiment.
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Figure 35 Feasibility study 4 - three basic knife activities in kitchen: chop, slice, and French cut (. from
left to right).
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Figure 36 Feasibility study 4 - user activity timeline for each sensor placement.
Feature Extraction and Dimensionality Reduction
The preprocessing and feature extraction pipeline from prior work [47], [220] was applied to the collected
CSI and RSSI data, yielding 49 features per sample. To assess the inherent separability of the data for
each placement without the confounding factor of a classifier's bias, a statistical approach was employed.
Principal Component Analysis (PCA) was applied to the 49-dimensional feature space to reduce it to the
three most discriminative components for visualization and analysis. The first principal component (PC1),

which explains the greatest variance, was selected for statistical hypothesis testing.

5.4.3. Evaluation and Results

The distribution of data points for each activity within the reduced PCA space was visualized using pair
plots for each sensor placement (Figure 37, Figure 38, and Figure 39). To quantitatively evaluate the
separability, a Kruskal-Wallis H-test was conducted on the values of PC1 to determine if the distributions

of the three activities were statistically distinct for each sensor placement.

e Placement 1 (user NLoS, area LoS): The test did not reveal statistically significant differences
among the activity groups (p > 0.08). The null hypothesis could not be rejected, indicating no

significant separabi

e Placement 2 (user LoS, area LoS): A statistically significant difference was found (y*(2) =5.18, p
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< 0.08). The null hypothesis was rejected, indicating that the activities were distinguishable in this

placement.

e Placement 3 (user NLoS, area NLoS): The test did not reveal statistically significant differences
among the activity groups (p > 0.08). The null hypothesis could not be rejected, indicating no

significant separability.

5.4.4. Conclusion

This study demonstrated that sensor placement has a profound and measurable impact on the performance
of a device-free HAR system in a kitchen environment. The results indicate that the optimal configuration
is Placement 2, where both the user and the performing area are in the line-of-sight of the transceiver and
receiver. This placement yielded the only statistically significant separability between the fine-grained
activities. This finding provides a critical, empirically-derived design guideline for deploying device-free
HAR systems, establishing that strategic sensor placement is a prerequisite for achieving high recognition

accuracy in real-world environments.

Furthermore, this work highlights a critical direction for future research: large-scale, automated sensor
placement optimization. It’s clear that testing all possible positions in an environment is impractical, but
the LoS principle established here can inform the selection of candidate positions. A comprehensive
optimization framework could then involve deploying sensors in a larger set of these feasible, practical
locations, collecting data for target activities, and comparing system performance to identify the global
optimum for a given space and activity set. This would move beyond heuristic placement towards

systematic, performance-driven deployment.
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Chapter 6 Proposed Method

This chapter presents the proposed method for device-free HAR in kitchen environments, corresponding
to Step 4 and Step 5 of the research approach outlined in 4.3.3. The chapter is structured in two main
parts. First, it details the inclusive method for collecting a novel, multi-granularity dataset of kitchen
activities using WiFi sensing hardware in three distinct real-world kitchens to address the Problem 2 and
Problem 3. Second, it introduces a system for evaluating three distinct HAR approaches including deep
learning, transfer learning, and classical machine learning, culminating in the development of an
optimized model based on a genetic algorithm for MANOV A-driven feature selection to address Problem
4. The performance of this optimized method is then rigorously evaluated through a series of experiments
designed to assess its capability in recognizing activities of varying granularity (addressing Problem 1)

and its robustness across different environments (addressing Problem 2).

6.1 Dataset Collection

6.1.1. Sensor

The data collection for this research [190] was performed using two ESP-WROOM-32 modules [180].
These boards are equipped with a built-in 2.4 GHz Wi-Fi chip and were configured to function as a
transceiver and a receiver. In Access Point (AP) mode, the ESP32 acts as a Wi-Fi hotspot by creating its
own wireless network. Other Wi-Fi-enabled devices, such as smartphones, laptops, or another ESP32, can
connect directly to this network using the SSID and password defined on the ESP32. In Station (STA)
mode, the ESP32 behaves like a regular Wi-Fi client by connecting to an existing Wi-Fi network, such as
a home or office router. Once connected, it can communicate with other devices on the same network or

access cloud services and the internet.

The selection of the ESP-WROOM-32 module as the sole sensing platform for this research was driven

by several pragmatic and methodological criteria critical for foundational research in device-free HAR:

e Ubiquity and Low Cost: The ESP32 is a widely available, low-cost platform, which enhances the

reproducibility of this research and its potential for real-world deployment.

e Integrated WiFi Capability: Its integrated 2.4 GHz Wi-Fi transceiver with native support for CSI

data extraction provides the essential raw signal for device-free sensing without requiring external,
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specialized hardware.

e Programmability and Community Support: The platform is highly programmable via the Arduino
framework or ESP-IDF, with extensive community and documentation support, allowing for full

control over the data collection protocol.

e Focus on Methodology: Using a single, well-understood sensor type allows the study to isolate
and investigate the core challenges of activity recognition, such as feature extraction, granularity,

and placement, without the confounding variable of heterogeneous hardware performance.

The AP and STA mode allows the ESP32 to function as both an Access Point and a Station at the same
time. This dual-mode capability enables the ESP32 to connect to a router (for internet or network access)

while simultaneously hosting its own Wi-Fi network for direct connections from other devices.

To collect this dataset, we configured one ESP32 in Access Point (AP) mode to create a wireless network,

and another ESP32 in Station (STA) mode to connect to this network as a Wi-Fi client.

Figure 40 ESP32 microcontroller

6.1.2. Environment

Data was collected in three distinct real-world kitchens (Figure 41, Figure 42, and Figure 43) to ensure
the dataset reflects natural scenarios and allows for robustness testing. All objects and appliances
remained in their natural positions throughout the experiments. As established in Feasibility Study 3
(section 5.4) [73], the sensors were placed in opposite corners to maintain both the user and the performing

area within the Line-of-Sight (LoS) of the transceiver and receiver.
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Figure 41 Kitchen 1 — the blue and red circle represent the transceiver and receiver, respectively.

%" O

Figure 43 Kitchen 3 — the blue and red circle represent the transceiver and receiver, respectively.
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6.1.3. Activity
The set of activities for the dataset was deliberately chosen to address the core research question of how
activity granularity affects device-free HAR performance. The selection process followed a structured,

scenario-driven methodology:

e Establishing a Real-World Context: A common domestic task, preparing and serving a simple
soup, was selected as the overarching scenario. This provided a coherent, logical sequence for the

activities.

e Sampling Across Granularity Levels: To create a balanced testbed, we sampled three
representative activities from each of three granularity levels (i.e., fine, mid, and coarse) from
within the soup-making scenario. This tri-level structure allows for controlled comparisons and

isolates the variable of granularity.

e Applying Defined Kinematic Criteria: Activities at each level were chosen based on explicit

kinematic and contextual definitions:

o Fine-grained: Minimal body movement, high similarity between activities (hand/forearm

motions).
o Mid-grained: Moderate movement within a confined space, clear functional differences.

o Coarse-grained: Significant full-body displacement across the environment, distinct functional

goals.

This method resulted in a strategically composed dataset of nine activities, designed not to be an
exhaustive list of kitchen tasks, but rather a principled experimental testbed to systematically evaluate the
challenges of granularity in device-free sensing.

Fine-grained Activities

Fine-grained activities are those that closely resemble one another and involve minimal movement of
body parts during execution. As illustrated in Figure 44, the participants performed the following fine-
grained activities: Chop — cutting potatoes into irregular pieces; Slice — cutting potatoes into regular oval
pieces; and French Cut — cutting potatoes into regular, thin strips.

Mid-grained Activities

Mid-grained activities are those that differ from one another and involve moderate movement of body

parts within a confined space. As illustrated in Figure 45, the participants performed the following mid-
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grained activities: Pour — transferring water from the kettle to the pot; Stir — mixing the water in the pot

by moving a spoon; and Ladle — transferring soup from the pot or cooking vessel to a serving bowl.

Figure 46 Coarse-grained activities from left to right: store, wash, and place.
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Coarse-grained Activities

Coarse-grained activities are distinct activities that involve significant movement of body parts within a
broader area. As illustrated in Figure 46, the participants performed the following coarse-grained
activities: Store — storing leftover food into the fridge; Wash — washing the pot; and Place — putting plates

into the cabinet.

6.1.4. Participants

To enable future analysis of user-specific effects, data for the same activity set in the same environment
was collected from three different participants. However, the primary focus of this dissertation is to
establish foundational performance baselines and investigate core challenges such as activity granularity
and sensor placement under controlled conditions. Therefore, for the core experiments reported in
Chapters 6, the data from all three participants were pooled. The evaluation (e.g., 5-fold cross-validation)
was performed on this combined dataset. In this design, data from the same participant can and does
appear in both the training and testing splits. This approach is appropriate for this foundational stage, as
it provides a stable estimate of the method's performance by maximizing the use of available data, prior

to investigating the more complex variable of cross-user generalization in future work.

Participant

Figure 47 Participant performing a chopping activity in the presence of the experimenter.
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6.1.5. Collection Procedure

As described earlier, each participant was asked to perform every activity in each environment ten times.
As visualized in Figure 48, the data collection procedure began with the participant turning on the access
point (AP) by pressing a button on the nearby laptop and waiting for five seconds. The experimenter
observed the participant and activated the STA as soon as the AP was turned on. The participant then
performed the activity as instructed and waited five seconds after completing it. Finally, the participant
turned off the AP and the experimenter turned off the STA. After a short processing period, a . txt file

was saved on both laptops connected to the AP and STA.

Data Collection Procedure for One Trial
Station Experimenter Participant Access Point

Turn on o] Access Point is
Access Point ’| Turning on

.
Station is o [ Turn on
Turningon [ L Station
” Start Data
v Collection
B, = X
Start Data .| Waitfor5 |,
Collection "l  Seconds
Perform the
Activity
Wait for 5
¢ Seconds
A
Turn off ]

Access Point

A 4

Turn off |
[ Process Data ]+~[ Station ] Process Data

A 4 h 4

Create Data File Create Data File

Figure 48 Data collection procedure — a sequence diagram

78



6.1.6. Data Acquisition

We used the ESP32-IDF v3.3.1 firmware [181] installed on both the STA and AP nodes to collect data.
This firmware enables the ESP32 to actively capture Wi-Fi packets. It intercepts each received packet at
the physical layer, extracts CSI and RSSI before the data reaches higher network layers (e.g., IP or TCP),
and transmits the extracted information to a connected PC via the Universal Asynchronous

Receiver/Transmitter (UART) serial interface in real time.

6.1.7. Wi-Fi Channel and Subcarrier Structure

The ESP32 sensors operated on the 2.4 GHz Wi-Fi band using the IEEE 802.11b/g/n standard with a 20
MHz channel bandwidth, a high serial baud rate of 921600, and a data packet rate of 100. In this
configuration, the 20 MHz bandwidth is divided into 128 discrete frequency bins, known as subcarriers,
using a 64-point Inverse Fast Fourier Transform (IFFT). This process is fundamental to Orthogonal
Frequency Division Multiplexing (OFDM), a modulation technique used in 802.11g and 802.11n (but not
in 802.11b). OFDM improves spectral efficiency and robustness to multipath fading by transmitting data
in parallel over multiple orthogonal subcarriers. Among these 64 subcarriers, 52 are actively used: 48 for
data transmission and 4 as pilot subcarriers for synchronization and channel estimation. The remaining
subcarriers serve as null subcarriers, some placed at the edges to act as guard bands and others (such as
the central DC subcarrier) to mitigate interference around the carrier frequency. This design enables

reliable and efficient wireless communication in noisy and dynamic environments like indoor settings.

These 128 bins represent the division of a 20 MHz Wi-Fi channel into 64 subcarriers using 64 inverse fast
Fourier transform (IFFT), each subcarrier spaced 312.5 kHz apart. The subcarriers are indexed from —32
to +31 and are symmetrically centered around the channel's center frequency (Fc). Since we are using Wi-
Fichannel 11 in the 2.4 GHz band, the center frequency Fc is 2462 MHz. The frequency of each subcarrier

is calculated using the formula:
fn=Fc+ (nx312.5kHz)

Where n € [—32,31] is the subcarrier index and f,, is the frequency of subcarrier n. For instance, the

frequency of subcarrier -32 is

fo3, = 2462 MHz + (=32 x 312.5kHz) = 2452 MHz
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Data (13) Pilot Data (5) Guard (5)

Figure 49 Structure of CSI including data, pilot, and guard subcarriers
Figure 49 illustrates the structure of CSI subcarriers extracted by ESP32-IDF v3.3.1 firmware [181]. The

first four bytes of CSI data are invalid due to a hardware limitation in ESP32. The next eight bytes, like
the last ten, represent guard subcarriers at the edges of the Wi-Fi channel (e.g., 2.412 GHz, 2.417 GHz)
to minimize spectral leakage [182]. In addition, this structure defines four pilot subcarriers at position -
21, -7, +7, and +21 to help with channel estimation, phase tracking, and frequency offset correction. A
DC subcarrier also defined at subcarrier 0 to prevent interference at the center frequency. In overall, 48
subcarriers are available and contains the actual CSI data. Position of these subcarriers is illustrated in
Figure 49. As you can see, each subcarrier is a complex number including imaginary and real part. The
first number is the imaginary part, and the second one is the real part. Algorithm 3 outlines the procedure
for parsing CSI data.

| Algorithm 3 Parse CSI

Input: complex numbers of CSI subcarriers

Output: amplitudes and phases

1: rawCSI = CSI complex numbers

2: imaginary,real, amplitude, phase = []

3: foriin range(rawCSI):

4: ifi%2 == O
5: imaginary.add(rawCSI|[i])
6: else:
7:
8:
9:

real.add(rawCSI|i])
for i in range(rawCSI)/2:

amplitude.add(\/imaginaryz[i] + realz[i])
10:  phase.add(arc tangent(imaginaryli], real[i]))
11: return amplitude, phase
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6.1.8. Records and Storage

The provided dataset contains one .txt file for each trial. The .txt file includes several parts: the initial
system boot messages showing firmware version, memory, and partition setup; Wi-Fi configuration
details like SSID, channel, and MAC address; and most importantly, CSI data packets. Each CSI data
packet contains a timestamp, metadata (such as RSSI, noise floor, rate, bandwidth, modulation coding
scheme, and guard interval), and a CSI matrix. Table 8 and A structured naming convention was used for
all dataset files, as defined in Table 10. P E S A T where P describes the participant that performs the
activity, E specifies the performing environment, S specifies the sensors, A shows the performed activity,
and T specifies 10 trials for each set of user, activity, environment, sensor data. These files are provided
in a folder named “All in One” that contains all 1620 files with explained naming format. This dataset is

also presented in a hierarchical approach illustrates in Figure 50.
Peip1,p2,p3}
E €{el,e2, e3}
S € {s1,s2}
A € {al,a2,a3,a4,a5,a6,a7,a8, a9}

T € {t1,t2,t3,t4,t5,t6,t7,t8,t9,t10}

Table 9 describe the format of the collected data and a sample data entry.

Table 8 CSI entry format with sample data
Data CSI DATA, <device role>, <MAC>, <RSSI>, <channel>, <secondary channel>, <bssid>,
Format | <antenna>, <aggregation>, <stbc>, <fec coding>, <sgi>, <noise floor>, <rate>, <sig mode>,

<mcs>, <bandwidth>, <smoothing>, <not_sounding>, <aggregation_ flag>,
<space_time_blocking>, <timestamp>, <csi_len>, <payload len>, <rx_state>, <real time>, <CSI
values count>, [<CSI values>]

Data CSI _DATA,AP,48:E7:29:A0:68:70,-59, 11, 0, 0, 0, 0, 0, 0, 0, 0, 0, -97, 0, 6, 1, 1147185, 0, 37, 0,
Sample | 0, 1.38942, 128,
[3780200000000017-1117-1118-1219-1118-917-817-916-718-817-819-8 19
-818-618-616-719-717-716-615-616-615-616-615-516-617-716-60015-8 16 -
815-814-914-814-914-913-813-1015-615-913-814-11 14-1014-1015-10 14 -11
13-1013-1012-1113-1112-1213-1213-1212-1312-13000000000 0]

A structured naming convention was used for all dataset files, as defined in Table 10.P_ E S A T where
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P describes the participant that performs the activity, E specifies the performing environment, S specifies
the sensors, A shows the performed activity, and T specifies 10 trials for each set of user, activity,
environment, sensor data. These files are provided in a folder named “All in One” that contains all 1620

files with explained naming format. This dataset is also presented in a hierarchical approach illustrates in

Figure 50.
P € {p1,p2,p3}
E €{el,e2, e3}
S € {s1,s2}
A € {al,a2,a3,a4,a5,a6,a7,a8, a9}
T € {t1,t2,t3,t4,t5,t6,t7,t8,t9,t10}
Table 9 CSI data packet field definitions
CSI_DATA A static identifier that denotes the start of a CSI data record.
<device role> Role of the ESP32 device (e.g., AP for Access Point, STA for Station).
<MAC> MAC address of the sender or receiver, depending on the role (usually the AP's MAC).
<RSSI> Received Signal Strength Indicator, measured in dBm (e.g., -59).
<channel> WiFi channel number used for transmission (e.g., 11).

Offset for secondary channel in HT40 mode:

< d h 1>
secondary chaine 0: HT20, 1: secondary channel above, 2: secondary channel below

<bssid> The BSSID field is usually placeholder or 0, since it's not extracted by default.
<antenna> Antenna index used to receive the packet (ESP32 typically uses only | antenna, so often 0).
<aggregation> Whether packet was aggregated:

0: no aggregation, 1: part of an aggregated packet

Space-Time Block Coding flag (diversity technique):

<stbe>
stbe 0: not used, 1: used

Forward Error Correction status:
0: off, 1: on (LDPC used)
Short Guard Interval flag:

<fec_coding>

<sgi> .

0: not used (standard GI), 1: used (improves throughput)
<noise_floor> Estimated background noise level in dBm (e.g., -97).
<rate> Raw data rate of the received packet (in Mbps or a modulation index, depending on mode).
. Signal mode:
<sig_mode> .

0: legacy (non-HT), 1: high throughput, 802.11n (HT)

<mcs> Modulation and Coding Scheme index (defines modulation type and data rate).
Channel bandwidth used:

<bandwidth>

0: 20 MHz, 1: 40 MHz
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<smoothing>

Smoothing flag (CSI processing detail):
0: off, 1: on

<not_sounding>

Indicates if the packet is a sounding packet:
0: sounding
1: not sounding

<aggregation flag>

Another flag for MPDU aggregation status (redundant with field 9).

<space_time blockin

Same as STBC flag (possibly redundant); kept for completeness.

>
<timestamp> Internal timestamp when the CSI data was recorded (e.g., 1147185).
<csi_len> Length of the CSI data array in bytes (e.g., 0 if empty, otherwise non-zero).

<payload len>

Length of the WiFi packet payload (not always relevant for CSI use).

<rx_state>

Internal status flag of the received packet.

<real time>

Timestamp in seconds with fractional part (e.g., 1.38942); useful for synchronization.

<CSI values count>

Number of CSI values reported (e.g., 128).

[<CSI values>]

The CSI amplitude and phase values in I/Q (In-phase and Quadrature) pairs.

Kitchen 2

[ Transceiver ] ‘ Receiver J [ Transceiver ’ [ Receiver ] ‘ Transceiver J [ Receiver ’

‘ Participant 1 ’ ‘ Participant 2 } [ Participant 3 }

(o) () =) ) ) = O = )

{ pi_et_s1_al_t1 H p1_ei_si_al_t2 ]

{ pi_el_s1_al_t10 ]

Figure 50 Dataset file hierarchy overview

Table 10 Dataset code reference

Category Code Meaning
pl Participant 1
Participant p2 Participant 2
p3 Participant 3

Environment el K¥tchen !

e2 Kitchen 2

&3



e3 Kitchen 3
) s1 AP
Device Role 2 STA
al Chop
a2 Slice
a3 French Cut
a4 Pour
Activity a5 Stir
a6 Ladle
a7 Store
a8 Wash
a9 Place
Trial t1 Trial 1
Number t10 Trial 10
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6.2 Model Structure
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As shown in Figure 51, this dissertation proposes a method for human activity recognition (HAR) centered
on a comparative model evaluation approach [177]. Data were first collected using an HAR system with
ESP32 sensors installed in real-world kitchens. From this data, the phase and amplitude of CSI were
extracted and, along with RSSI, used in three distinct recognition approaches: deep learning, transfer
learning, and classical machine learning. The performance of these methods was then evaluated, and the

best-performing approach was selected for further refinement in the model optimization step.

6.2.1. Data Preparation

The proposed method operates on CSI data that captures signal measurements across various human
activities and environmental settings. As shown in Figure 51, the process begins by extracting the real,
imaginary, amplitude, and phase components from the complex CSI data. CSI data is typically represented

as a sequence of complex numbers:
CSI = [Hy,H,,...,H,] where H;€C
H; =a+bj
where a and b are the real and imaginary parts, respectively. The amplitude A; of each CSI value, which
indicates signal strength, is calculated using Equation 1. The phase ¢;, which provides information about

the signal’s propagation characteristics, is computed using Equation 2. These two components are critical

for extracting meaningful features from raw wireless signals for activity recognition.
A; = |Hi| =Va® +b? (1

@; = arg(H;) = arctan2(b, a) )

6.2.2. Deep Learning

Due to the limited availability of large datasets in the device-free kitchen context, training deep learning
models like standard Long Short-Term Memory Models (LSTMs) for kitchen activity recognition is prone
to overfitting and poor generalization [183]. To address this challenge, a Context-Aware LSTM [184]
offer a promising solution. By integrating contextual information [185], such as the environment, sensor,
or user, into the learning process, the model can better adapt to domain differences without requiring
massive training data. This additional context helps the LSTM disambiguate similar patterns across
domains and improves recognition accuracy by compensating for the lack of generalization that a large

dataset would otherwise provide. In summary, because the dataset size in the device-free kitchen context
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is limited and cross-domain variation exists, using a context-aware LSTM may improve performance and

robustness in recognizing kitchen activities.

For the model input, the amplitude and phase from only one CSI subcarrier were selected, as subcarriers
typically exhibit high correlation. Although including more subcarriers could provide additional detail, it
would significantly increase the input size and, consequently, the number of trainable parameters, which
could lead to overfitting due to the lack of a large dataset. In addition to CSI features, RSSI values and
contextual information were included. Each time step in the input sequence consists of 11 features: two
CSI values (amplitude and phase), one RSSI value, and eight binary indicators representing the
environment, participant, and sensor type. The process pipeline for each trial involved mapping
categorical context attributes into one-hot vectors and combining them with signal features to create fixed-
length input vectors. A sequential LSTM architecture was defined, beginning with a Masking layer to
ignore padded values, followed by a 32-unit LSTM layer for learning temporal dependencies. A Dropout
layer mitigates overfitting, and two Dense layers with ReLU and SoftMax activations were used to

perform final classification of kitchen activities.

6.2.3. Transfer Learning

Transfer learning is a machine learning technique that can be applied to human activity recognition
(HAR). In this approach, a Convolutional Neural Network (CNN) model trained on one set of activities
is reused as the starting point for recognizing a second, related set of activities [186]. In this module, a
deep network classifier from [187] was first replicated. This model was originally designed for
recognizing coarse-grained activities such as walking, standing, sitting, and an empty room, and trained
on a large dataset. The trained variables from two layers of this network are then used as the initial values

for the corresponding layers in a similar deep network aimed at recognizing kitchen activities.

In [187], Schifer et al. proposed a CSI-based HAR method to recognize activities such as walking,
standing, sitting, and detecting an empty room. They gathered CSI data using the Nexmon tool and
denoised the data with a Hampel filter followed by a discrete wavelet transform (DWT) [188]. The
denoised data was then input to an LSTM-CNN classifier, as specified in the Deep Learning module in
Figure 51. In an experiment referred to as Experiment 1.2 [187], they trained their model on a dataset
collected from one user performing the activities of sitting, standing, and walking, including an empty
room condition as a fourth activity. The dataset [187], consisting of 1,800 entries, was used to train the

deep neural network. Although they did not report the method's overall accuracy, they achieved a
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precision of 97% in this experiment.

In this research, the dataset presented in [187] was utilized and MATLAB code was implemented to
successfully reproduce the results. The parameter weights of two LSTM layers were then extracted into
.mat files, which were subsequently imported into Python code to initialize the weights for the LSTM
layers in the proposed LSTM-CNN method. A similar LSTM-CNN architecture was implemented in
Python, initializing the LSTM layers with the learned parameters.

In the Transfer Learning Module (Figure 51), we applied a Hampel filter to denoise the CSI data. Then,
we employed DWT to denoise the data (see Figure 52). A similar LSTM-CNN architecture was then
implemented in Python, with the LSTM layers initialized using the learned parameters imported from the
source model. As shown in Figure 51, the main difference between our LSTM-CNN architecture and that
in reference [187] is the addition of a Dense layer at the beginning, which adjusts the input dimensions to
104 to ensure compatibility with the source model's expected input size. The final layer before the
SoftMax was also modified; instead of four fully connected units (for the four source activities), n fully

connected units were used, where n represents the number of target kitchen activities to be recognized.
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Figure 52 A sample subcarrier[0] CSI before and after denoising with Hampel filter

6.2.4. Classical Learning

As illustrated in Figure 51, for the classical learning approach, the amplitude of the CSI signal was used
as input. A set of features was heuristically selected from the amplitude data [107], including median
absolute deviation, maximum, minimum, interquartile range, root mean square, coefficient of variation,
skewness, peak-to-peak, autoregression frequency, maximum frequency, minimum frequency, mean

frequency, full width at half maximum frequency, peak frequency range, frequency skewness, and
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frequency kurtosis. These extracted features were then used to train a Random Forest classifier to

recognize kitchen activities

6.2.5. Preliminary Comparative Evaluation
To evaluate the performance of the three proposed approaches, a series of preliminary experiments was
conducted. The objective was to assess the comparative effectiveness of the deep learning, transfer

learning, and classical machine learning methods in recognizing kitchen activities.

For this initial evaluation, the dataset recently gathered for this work [189] was utilized. This
comprehensive dataset includes data from a transmitter and a receiver, encompassing nine kitchen
activities (three fine-grained, three mid-grained, and three coarse-grained), performed by three different
users across three distinct environments, with 10 trials conducted for each activity. Each data entry in the
dataset comprises a sequence of data records, where each record contains CSI information for 64

subcarriers, of which 48 are data subcarriers represented by complex numbers [190].

To establish a strong and clear performance baseline for this comparative analysis, the evaluation focused
only on the three coarse-grained kitchen activities (storing food, washing the pot, and putting plates away).
This focus was chosen because coarse-grained activities are generally easier to recognize [107]. This
strategy provides a controlled context to compare the fundamental capability of each approach on a

simpler task before progressing to the more complex challenge of distinguishing fine-grained activities.

6.3 Pre-Experimental Results and Analysis

The performance of the three proposed methods—deep learning, transfer learning, and classical machine
learning—was evaluated in a series of separate pre-experiments. The results demonstrated that the
classical learning method (Random Forest) achieved the highest accuracy, significantly outperforming
the deep learning and transfer learning approaches in recognizing the coarse-grained kitchen activities.

The following subsections detail the setup and results for each pre-experiment.

6.3.1. Pre-Experiment 1: Deep Learning (Context-Aware LSTM)
The deep learning module was tested using all available data samples to maximize input data size. The
input data comprised recordings from two sensors, with three users each performing three activities in

three environments, for 10 trials each, resulting in 540 data entries (2 X 3 X 3 X 3 X 10).

To manage dimensionality, each data record was reduced to an 11-dimensional feature vector per time
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step, containing:
e The amplitude (4, ,) and phase (@, ) of the first CSI subcarrier.
e The RSSI value (RSS1;).

e An 8-element one-hot encoded vector representing context (3 environments, 3 participants, 2

Sensors).

Variable-length sequences were zero-padded to a consistent length for input into the LSTM model. The
architecture of the proposed context-aware LSTM is detailed in Table 11.

Table 11 Context-aware LSTM model architecture

Layer (type) Output Shape Param #
Masking (Masking) (None, None, 11) 0
LSTM (LSTM) (None, 32) 5,632
Dropout (Dropout) (None, 32) 0
Dense (Dense) (None, 32) 1,056
Dense (Dense) (None, 3) 99

Results: The model significantly underperformed, with training and validation accuracies remaining
between 28% and 43% over 20 epochs. The loss values stagnated around 1.09—1.11, indicating a failure
to learn or converge. This underfitting is attributed to the fundamental limitation of the dataset size (270
unique activities); deep learning models typically require substantially larger amounts of data to learn

complex temporal patterns effectively, which was not available in this context.

6.3.2. Pre-Experiment 2: Transfer Learning (LSTM-CNN)

This experiment utilized data from only one environment and one sensor (the transceiver unit) to isolate
the effect of activity type, excluding variables like environmental layout. The dataset included three users

performing three activities with 10 trials each, resulting in 90 data samples.

A pre-trained LSTM-CNN model from [187], originally trained on activities like walking and sitting, was
fine-tuned on this new dataset. The goal was to adapt the model's pre-learned temporal representations to

the kitchen activity domain.

Results: The transfer learning approach also demonstrated poor performance, with accuracy stagnating
between 26% and 39% over the training epochs. The loss failed to decrease consistently. This indicates a
fundamental domain mismatch. The pre-trained knowledge from gross motor movements in one
environment did not transfer effectively to the subtle, object-interactive actions in a kitchen setting. WiFi

CSlI signals are highly sensitive to specific environmental geometries and activity characteristics, limiting
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the viability of transfer learning for this specific cross-domain application.

6.3.3. Pre-Experiment 3: Classical Machine Learning (Random Forest)
This experiment also used a controlled setting (Environment 1) but included data from both sensors,

resulting in 180 data samples (3 users x 3 activities x 2 sensors x 10 trials).

18 heuristic features (e.g., median absolute deviation, interquartile range, spectral kurtosis) were extracted
from the amplitude of the first CSI subcarrier for each data sample. A Random Forest classifier (100 trees)
was trained on 80% of this data, with feature values standardized using a StandardScaler fit on the training

fold.

Results: Evaluated via 5-fold cross-validation, the Random Forest classifier achieved an average accuracy
of 68.3%. Performance varied by activity: the "wash" activity (a8) achieved an F1-score of 0.76, while
"store" (a7) and "place" (a9) achieved F1-scores of 0.66 and 0.63, respectively. The confusion matrix for
this experiment is presented in Figure 53. These results demonstrate that the classical learning approach,
with its robust feature-based design, significantly outperformed the deep learning methods for this specific

task and dataset, providing a viable baseline for recognizing coarse-grained activities.
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Figure 53 Confusion matrix for the classical learning method (Random Forest) recognizing coarse-
grained activities.
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6.3.4. Conclusion of Pre-Experiments

The pre-experiments clearly demonstrate that for the available dataset size and specific task of recognizing
coarse-grained kitchen activities, a classical machine learning approach (Random Forest) is the most
effective strategy. The deep learning models were hampered by data scarcity and domain mismatch issues
that could not be overcome within the scope of these pre-experiments. Consequently, the classical learning
approach was selected for further optimization and evaluation on a more extensive set of activities in the

main experiments (detailed in Section 6.4)

6.4 Learning Optimization

Based on the results of the pre-experiments (Section 6.3), the classical machine learning approach was
selected for further optimization to improve performance across a broader range of activities. The
optimization strategy targeted enhancements at both the feature extraction and classification stages. This
involved extracting a comprehensive set of features reported in the literature and developing a novel
method to identify an optimal feature subset. Furthermore, rather than relying on a single classifier,

multiple classifiers were evaluated to select the one that delivered the highest performance.

Recent work by Nguyen et al. [191] demonstrates the effectiveness of MANOVA for real-time malware
detection through feature selection [192], while ANOVA-based approaches have shown promise for
camera-based HAR systems [193]. In device-based HAR, researchers have developed optimal feature
selection methods for recognizing long-term activities through atomic activity decomposition [194].
However, feature selection for device-free, WiFi-based HAR remains a developing area of research
[211][212]. The proven efficacy of statistical parametric tests like MANOVA and ANOVA in other
domains provided a foundational justification for proposing a MANOVA-based feature selection

approach for device-free HAR using WiFi signals.
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The optimized model (Figure 54) utilizes a genetic algorithm guided by MANOVA to select an optimal
subset of features from WiFi CSI data for kitchen activity recognition. First, CSI amplitude is extracted.
Then, a set of statistical and signal-domain features is computed. A genetic algorithm is employed to
explore combinations of these features, evaluating each subset using Wilks' lambda from a MANOVA
test with “Activity” as the factor. This approach is designed to select features that best discriminate
between different activities. The selected features are then used to train multiple traditional classifiers,
and the classifier with the highest accuracy on the test data is selected.

Table 12 Genetic algorithm hyperparameters

Parameter Value Description
Population size (n) 100 Number of individuals in each generation
Number of generations (ngen) 40 Number of generations (1t§rat10ns) to evolve the
population
Crossover probability (cxpb) 0.5 Probability of mating two individuals (crossover)
Mutation probability (mutpb) 0.2 Probability of mutating an individual
Bit mutation probability (indpb) 0.05 Probability of flipping e‘ach gene (bit) during
mutation
Selection method Tournament Method for selecting 1nd}V1duals for the next
generation
Tournament size (tournsize) 3 Number of individuals competing in each
tournament selection
Initial gene activation rate 0.6 Probability a featur.e is gelected (1) in the initial
individual

6.4.1. Genetic-based Feature Extraction

To identify the most effective feature set for activity recognition in the dataset, the algorithm leverages a
list of candidate features commonly employed in device-free HAR methods [32]. The initial population
of the genetic algorithm consists of 100 individuals, where each individual represents a unique subset of
features. A MANOVA is applied to each individual to evaluate the separability of activities based on the
selected features. Individuals yielding the lowest Wilks’ lambda values, indicating greater group
separability, are considered more fit and are more likely to be selected for reproduction in subsequent
generations. After 40 generations, the best individual of the final population is identified as the optimal
feature set that provides the highest discriminatory power for recognizing activities. This optimal set is
then used to train a machine learning classifier for final activity recognition. Table 12 details the

hyperparameters of the implemented genetic algorithm.
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6.4.2. Multiple Classifier Classification

To evaluate the effectiveness of various machine learning models in recognizing kitchen activities from
WiFi-based features, a diverse set of traditional classifiers was employed. Each model was trained using
a standardized pipeline that included feature scaling (StandardScaler) followed by model fitting. This
multi-classifier approach was adopted to identify the most suitable algorithm for the task, as different

models have varying inductive biases and strengths depending on data characteristics.

The evaluation utilized stratified 5-fold cross-validation to ensure balanced class representation across all
folds. Accuracy scores were averaged over the five folds to obtain a reliable estimate of each model’s
performance. The classifier with the highest mean accuracy was selected as the optimal model.

Table 13 Description of the classifiers used in optimized method

Classifier Name Python Library Key Hyperparameters & Values
Logistic Regression | sklearn.linear model max_iter=1000
SVM sklearn.svm Default kernel (RBF), default regularization C=1.0
KNN sklearn.neighbors n_neighbors=5 (default), uses Euclidean distance
Decision Tree sklearn.tree Default parameters, uses Gini index for splitting
Naive Bayes sklearn.naive bayes GaussianNB with default settings
Gradient Boosting | sklearn.ensemble n_est1mat0r_s=100, learning_rate=0.1,
max_depth=3
AdaBoost sklearn.ensemble n_estimators=50, base estimator is a decision
stump
Extra Trees sklearn.ensemble n_estimators=100, criterion='gini’
Random Forest sklearn.ensemble n estimators=100, random state=42
MLP sklearn.neural network max_iterZIOOO? default architecture (one hidden
- layer of 100 units)
XGBoost xgboost use label encoder=False, eval metric="mlogloss'

Each classifier evaluated in this work was selected for its unique strengths in handling different data
patterns and structures. Logistic Regression and Support Vector Machines (SVM) were chosen as
effective linear models that perform well when the data is linearly separable. K-Nearest Neighbors (KNN)
excels at capturing local patterns and non-linear relationships by relying on the proximity of data points.
Tree-based models such as Decision Trees, Random Forests, and Extra Trees were included because they
can model complex interactions between features and can handle non-linear decision boundaries.
Ensemble methods like Gradient Boosting and AdaBoost were selected as they combine multiple weak
learners to create a stronger, more robust model, often leading to improved accuracy. The Multi-Layer
Perceptron (MLP), a type of neural network that learns non-linear mappings through layered
transformations, was also evaluated. Finally, XGBoost, a highly optimized gradient boosting library, was

included because it is well-suited for structured data and often outperforms traditional models in
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classification tasks. This diverse set ensures a comprehensive evaluation framework and increases the
likelihood of identifying the most suitable model for the complex task of device-free human activity

recognition. Table 13 provides a description of the classifiers used, along with their key hyperparameters.

6.4.3. Experiment 1 — Optimized Model to Recognize Coarse-grained Kitchen
Activities

Experiment 1 aimed to classify coarse-grained kitchen activities using the proposed optimized model and
to compare its performance against the baseline heuristic model from Pre-experiment 3. To ensure a direct
comparison, the same portion of the dataset was reused, comprising data from a single environment
(Environment 1) with three users performing three coarse-grained kitchen activities (10 trials each),

collected by two sensors.

Subsequently, 43 common features [32] (Table 14) were extracted from the CSI amplitude of all 180 data
samples. These features were provided as input to the genetic algorithm, which was tasked with selecting
an optimal subset to maximize group separability, as measured by the MANOVA test (using Wilks'
lambda as the fitness function). The goal was to identify the combination of handcrafted features that best
distinguishes human activities based on their WiFi signal characteristics. The algorithm evolved the
population over 40 generations via selection, crossover, and mutation. The best individual identified a
subset of 28 features and achieved a maximum fitness (i.e., a minimal Wilks' lambda) of 36.04, which

indicates a high degree of separability between the activity classes.

The selected 28-feature set was used to train the panel of 11 classifiers (Table 13). The top-performing
classifier (Gradient Boosting, as detailed in the next paragraph) achieved an accuracy of 80.0% in
recognizing the three coarse-grained kitchen activities. Performance was evaluated using stratified 5-fold

cross-validation to ensure reliability. The confusion matrix for the optimal model is shown in Figure 55.

The 5-fold cross-validation results demonstrate the strong performance of the genetic algorithm-optimized
model. Among all classifiers tested, Gradient Boosting emerged as the top performer with a mean
accuracy of 73.33%, with Extra Trees, Random Forest, and MLP showing comparable performance.
Comprehensive evaluation metrics reinforced the model's robustness, with macro-averaged precision,
recall, and F1-score of 73.49%, 73.33%, and 73.04%, respectively, indicating balanced classification
performance across all three activity classes. Collectively, these results validate that the feature selection
via genetic algorithm enables accurate, generalized activity recognition while eliminating dependence on

heuristic assumptions.
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Figure 55 Confusion matrix for optimized model recognizing coarse-grained kitchen activities using
Gradient Boosting algorithm and 5-fold cross validation

This experiment successfully fulfilled its objective to classify coarse-grained kitchen activities using the
proposed optimized model and to benchmark it against the baseline heuristic approach. The results
conclusively demonstrate the superiority of the MANOV A-guided genetic algorithm for feature selection.
By identifying an optimal 28-feature subset from a pool of 43 candidates, the optimized model achieved
a mean accuracy of 73.33% with the Gradient Boosting classifier, significantly outperforming the baseline
heuristic model from Pre-Experiment 3 (68.3% accuracy, Section 6.3.3). This performance, validated
through rigorous 5-fold cross-validation and supported by strong macro-averaged precision, recall, and
Fl-scores, confirms that the proposed method effectively addresses a key aspect of Problem 4 (The
Optimization Problem). It provides a systematic, data-driven alternative to heuristic feature engineering,
thereby enhancing the accuracy and generalizability of device-free HAR for coarse-grained activities and

establishing a robust foundation for the more complex experiments that follow.
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Table 14 Common features utilized in device-free HAR and their application in the genetic and heuristic

algorithms.

# | Feature Genetic Heuristic
0 | Mean v

1 | Standard Deviation v

2 | Median Absolute Deviation v v
3 | Max v
4 | Min v v
5 | Interquartile Range v v
6 | Ist Quartile v

7 | 3rd Quartile v

8 | Variance v

9 | Entropy

10 | Range v

11 | Median v

12 | Duration of Motion v

13 | Root Mean Square v v
14 | Absolute Mean v

15 | Coefficient of Variation v
16 | Skewness v v
17 | Mean Crossing Rate v

18 | Peak to Peak v v
19 | Above Mean Ratio
20 | Energy v

21 | Signal Magnitude Area v

22 | Autoregression v
23 | Peak Factor v

24 | Wave Factor v

25 | Autocorrelation Coefficient v

26 | Mode

27 | Frequency Energy

28 | Frequency Entropy v

29 | Frequency Max v
30 | Frequency Min v
31 | Frequency Mean v v
32 | Frequency Standard Deviation v

33 | Dominant Frequency Ratio v

34 | Frequency Left to Right Ratio v

35 | Frequency Full Width at Half Max v
36 | Frequency Peaks v
37 | Discrete Cosine Transform

38 | Frequency Range v
39 | Frequency Skewness v
40 | Frequency Kurtosis v v
41 | Frequency Velocity

42 | Frequency Weighted Mean
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6.4.4. Experiment 2 — Optimized Model to Recognize Granular Kitchen Activities

Experiment 2 focused on evaluating the performance of the optimized method on fine-grained kitchen
activity recognition within a single environment. The portion of the dataset from Environment 1 was
reused, in which three users each performed nine distinct granular kitchen activities: Chop, Slice, French
Cut, Pour, Stir, Ladle, Store, Wash, and Place. Each activity was performed 10 times per user and captured

by two sensors, resulting in a total of 540 data samples:

Number of data samples =3 x 9 X2x 10 = 540

The same set of 43 features from both the time and frequency domains (as listed in Table 14) was
extracted. To optimize the feature set for this more complex task, the MANOV A-based Genetic Algorithm
was employed. It iteratively evaluated feature combinations based on their statistical separability across
the nine activity classes. The optimization process ran for 40 generations and converged on an optimal
subset of 25 features:

['FO', 'F1', 'F3', 'F4', 'F5', 'F8', 'F11', 'F13', 'F14', 'F15', 'F17', 'F18', 'F19', 'F21', 'F23', 'F24', 'F25', 'F26',
'F27','F29', 'F31', 'F32', 'F34', 'F37', 'F40']

The subsequent evaluation utilized a comprehensive set of 11 classical classifiers, including linear, tree-
based, ensemble, and neural models. Each model was integrated into a pipeline with a StandardScaler and
assessed using 5-fold stratified cross-validation to ensure robustness and fair comparison. The results
showed that the Extra Trees classifier achieved the highest mean accuracy of 35.9%, slightly
outperforming Random Forest (34.6%) and Gradient Boosting (32.6%).

The classification report for the best-performing model (Extra Trees) indicated that recognition
performance varied significantly across activities. The highest F1-scores were achieved for a6 (Ladle)
and a9 (Place) at 0.59 and 0.51, respectively. However, activities such as a3 (French Cut) and a4 (Pour)
showed much lower Fl-scores (below 0.30), highlighting the difficulty of distinguishing between

kinematically similar actions using RF signals alone.

Despite careful preprocessing and feature engineering, the best-performing classifier (Extra Trees)
achieved a mean accuracy of 35.9% across the 5-fold cross-validation. This result underscores the
significant challenge of distinguishing fine-grained, kinematically similar activities using device-free RF-
based sensing and suggests the need for further refinement in both feature design and model architecture.

The confusion matrix for the nine granular kitchen activities is shown in Figure 56.
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Figure 56 Confusion matrix for the Extra Trees classifier recognizing nine granular kitchen activities,
evaluated using 5-fold cross-validation.

To contextualize these results, a systematic analysis of how activity granularity impacts classification
performance was conducted. Beginning with the three fundamental coarse-grained activities, additional
mid-grained and fine-grained activities were incrementally incorporated into the recognition task. Figure
57 demonstrates the progressive accuracy of the proposed method as the activity set is expanded, revealing
how each added activity affects overall recognition performance. Furthermore, Figure 58 presents a
distribution of the best-performing classifiers across all experimental configurations with different activity

sets.
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Figure 57 The relationship between activity set complexity (granularity) and mean classification

accuracy achieved by the optimized model where chop (al), slice (a2), French cut (a3), pour (a4), stir
(a5), ladle (a6), store (a7), wash (a8), and place (a9).
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Figure 58 The distribution of the top-performing classifier across experiments involving different
activity sets.
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This experiment achieved its primary objective of rigorously evaluating the proposed optimized model
on the significantly more challenging task of recognizing nine granular kitchen activities. The results
clearly demonstrate a fundamental limitation: while the MANOV A-guided genetic algorithm successfully
identified a discriminative 25-feature subset, the best achievable accuracy was 35.9%. This stark
performance drop from coarse-grained activity recognition (73.33% in Experiment 1, Section 6.4.3)
quantitatively validates the core challenge defined in Problem 1 (The Context-Specific Granularity
Problem). The analysis revealed high confusion between kinematically similar activities like chopping,
slicing, and French cutting, underscoring that subtle motion distinctions are not easily captured by the
current RF signal features and classical learning paradigm. The analysis of performance degradation with
increasing granularity (Figure 57) provides crucial empirical evidence for this phenomenon. Therefore,
while the optimization method functioned as intended, the results conclusively highlight that recognizing
fine-grained kitchen activities with high accuracy remains an open challenge, pointing to the need for

more sophisticated sensing or learning approaches beyond the scope of classical methods.

6.4.5. Experiment 3 — Environment-Activity Recognition Using Two-Way MANOVA
To evaluate the ability of the proposed method to recognize human activities across different
environments, the method was extended by applying a two-way MANOVA for feature selection. Two-
way MANOVA is a statistical technique that examines the influence of two independent variables and
their interaction on multiple dependent variables simultaneously. In this experiment, the independent
factors were Environment and Activity, and the goal was to select features that best discriminate between
combinations of these factors, i.e., environment-activity pairs. This approach is particularly valuable in
complex device-free scenarios where both spatial and behavioral dynamics impact the observed signal

patterns.

The dataset used in this experiment included recordings from three environments, where three users
performed three coarse-grained kitchen activities: Store, Wash, and Place, with 10 trials per activity.
Although the data was collected using two WiFi sensors, only the data from the transceiver unit was used

to eliminate the effect of sensor variation.
Number of data samples = 3 x 3 x3x 10 =270

The full set of 43 statistical features was extracted from both the time and frequency domains, covering
characteristics such as mean, standard deviation, skewness, entropy, and spectral properties. A two-way

MANOVA-based genetic algorithm was then applied to identify the optimal subset of features that best
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distinguished between the nine possible environment-activity combinations (e.g., el a7, e2 a9, etc.).

Once feature selection was complete, multiple classifiers were trained and evaluated using 5-fold cross-
validation, comparing their average performance. The best-performing model was Extra Trees, which
achieved a mean accuracy of 68.51%. This represents a promising result, considering the complexity of

simultaneously distinguishing between both activities and environments.

The classification report for the best model (Extra Trees) indicated particularly strong performance in
recognizing activities in Environment 2, such as €2 a7 (Fl-score: 0.85) and e2 a8 (Fl-score: 0.82).
However, some classes such as e3 a9 were more challenging, with lower precision and recall. These

findings reflect the variability of environmental factors and their effect on WiFi signal propagation.

Figure 59 shows the confusion matrix for this experiment. In this matrix, el, e2, and e3 represent kitchens
1,2, and 3 respectively, while a7, a8, and a9 correspond to storing items in the fridge, washing the dishes,
and placing the dishes in the cabinet. Overall, this experiment demonstrates that the proposed two-way
MANOVA-guided feature selection effectively enhances recognition performance across diverse real-

world environments.

While this level of accuracy may not be sufficient for a practical HAR system, the goal of this experiment
is to shed light on the importance of environment-independent HAR method. For comparison, heuristic-
based feature selection achieved an average accuracy of 60%, and PCA-based feature reduction resulted
in 61.11% average accuracy for recognizing the same classes. The results indicate that the proposed
method can be effectively used as an alternative to heuristic and PCA approaches. While heuristic methods
require domain knowledge and may not be applicable in all scenarios, and PCA transforms features into
abstract components, proposed approach preserves the original feature meanings, making it better suited

for domain-specific analysis and interpretation.

This experiment successfully addressed its core objective of evaluating the proposed method's ability to
achieve cross-environment robustness by introducing a two-way MANOVA-based feature selection
approach. The results demonstrate the efficacy of this advanced technique, with the optimized model
achieving a mean accuracy of 68.51% in the complex task of distinguishing environment-activity pairs.
This performance represents a significant improvement over heuristic (60%) and PCA-based (61.11%)
methods, validating the proposed method as a superior alternative for tackling Problem 2 (The
Environmental Robustness Problem). The variability in performance across different environments (e.g.,
high accuracy in Environment 2 versus challenges with e3 a9) provides critical empirical evidence of

how environmental factors influence RF signals. While the absolute accuracy may be below the threshold
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for a deployable system, this experiment successfully delivers a crucial insight: explicitly modeling the
interaction between activity and environment during feature selection is a powerful strategy for improving

generalization, thereby offering a concrete direction for developing environment-independent HAR

systems.
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Figure 59 Confusion matrix for recognizing pairs of environment and activity using proposed optimized
method
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Chapter 7 Discussion

7.1 Interpretation of Results

This section synthesizes and evaluates the results of this dissertation against the research problems and

questions defined in 4.3. The findings demonstrate significant progress in several key areas, while also

revealing inherent challenges that define the boundaries of the proposed approach. Table 15 provides a

high-level summary of how the research outcomes address the initial objectives, indicating which

objectives were met and which remain open challenges.

Table 15 Summary of Research Problem Outcomes

I(;flsees?irgﬁ Problem / (S),[l;iflzme Key Finding / Explanation

Problem 1: The The method successfully recognized coarse-grained activ?ties

Context-Specific Partially (73..3.3.% accuracy). However, 'pe‘rformance on fine-grained

Granularity Met a§t1V1tles was l.ow (35.9%), quantltat.l\/.ely cc')nﬁrmmg. the. ext.rem.e

Problem difficulty of this task with current WiFi sensing and highlighting it
as a primary challenge for future work. Section 6.4.3 and 6.4.4.

Problem 2: The The two-way MANOVA approach 'for‘ environment-acti\{ity

Environmental reco.gnfuon achieved 68. 5 1% accuracy, significantly outperforming

Robustness Met heur‘lstlc aqd PCA basehpes. This demons.trat.es a concrete method

Problem for improving cross-environment generalization, a core aspect of
robustness. Section 6.4.5.

Problem 3: The An inclusive, multi-granularity dataset was successfully collected in

Data Scarcity and Met three real-world kitchens with multiple participants, directly

Benchmarking addressing the scarcity of public benchmarks for device-free kitchen

Problem HAR. Section 6.1.

Problem 4: The Th§ MANOVA-guid.ed genetic glgorithm fgr feature selection was

Optimization Met validated as a superior alternative jco heurlstl'c ‘and deep lgamlng

Problem approaches for the given constraints, providing an optimized,
systematic pipeline for classical learning. Section 6.4.

RQ1: What are the

key steps in device- | Met Figure 60. Section 7.1.1.

free HAR?

RQ2/RQ3: Can Yes, for coarse- and mid-grained activities with high accuracy. For

WiFi sensing Met fine-grained activities, recognition is possible but with low

recognize kitchen accuracy, establishing the current limits of the technology for this

activities? context. Section 6.4.4.

g()%j/zigjltly How Thp system evgluation from' coarse- to fine-grained activities

tvpe/eranularit Met (Elgure 57) pr9V1'ded clegr empirical ev1denpe ofa performance gap,

yPe'g y directly quantifying the impact of granularity. Section 6.4.4.

affect performance?
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Feasibility Study 4 empirically identified that the optimal sensor

RQ4.2: How does placement is one which maintains both the user and the performing

Z;E?SCT Igffi)irn:lzlslze 0 Met area within the Line-of-Sight (LoS), providing a critical design
p : guideline. Section 5.4.
ROS: How can The comparative evaluation established that an optimized classical

learning pipeline (feature selection + classifier ensemble) is
currently the most effective approach for small-scale, context-
sensitive kitchen HAR datasets. Section 6.4.

ML/DL approaches | Met
be optimized?

7.1.1. Results of the Systematic Literature Review

The systematic literature review [32] synthesized the common steps and components prevalent in device-
free HAR research, as illustrated in Figure 60. The following paragraphs analyze these findings,
highlighting established practices, common challenges, and identified gaps within the field.

The review indicates that a well-defined real-world application is a critical foundation for device-free
HAR research, as it provides context and enhances the practical relevance and replicability of a proposed
method. A key finding of this review is that unlike in other HAR domains, no comprehensive survey
specifically investigating the applications of device-free HAR methods existed prior to this work. Based
on reviewed papers, applications of device-free HAR are 1) human-computer interactions (including
handwriting recognition [195], finger writing [196], finger spelling recognition [197], air writing [198],
hand gestures [199] and sign language [54]), 2) Elderly care (including fall recognition [200], exercise
recognition [201], moving recognition [202], sleep disorder diagnosis [203]), 3) health care (unhealthy
eating habits detection [204], life monitoring [205]), 4) driver activity recognition [206], and 5) load
monitoring [207].

The research process subsequently requires the definition of human activities that fulfill the application's
requirements. The review identified a challenge here: the absence of a comprehensive study on device-
free HAR applications makes it difficult to standardize the activities that should be recognized for each
application domain. Nevertheless, the SLR [32] documents various activity categorizations found in the

literature.

The next phase involves the selection of a sensory system. Section 3.1 and Table 3 detail the modalities,
categorizations, and relative popularity of different sensors used in the reviewed literature. The choice is
governed by a trade-off between various characteristics such as resolution, detection range, obtrusiveness,
and environmental robustness, as systematically graded by Fu et al. [29]. Furthermore, the selection of an
appropriate environment for data collection is a critical decision, with the review showing a predominance

of controlled laboratory settings over real-world deployments, potentially limiting the practical
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generalizability of many studies.
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Figure 60 Steps of a device-free HAR method
Data collection from participants is a subsequent step. The review revealed a significant lack of consensus

regarding appropriate cohort sizes for data collection. A notable finding was that 45 out of 242 reviewed
papers (19%) evaluated their methods using data from only a single participant (see Figure 12). This
practice inherently leads to user-dependent results, severely limiting the real-world applicability and

generalizability of these methods.

The processing pipeline typically involves preprocessing noisy raw data, followed by feature extraction
and classification. The review catalogued common preprocessing and feature extraction techniques (see
relevant sections and tables). A key observation is that raw signal data is high-dimensional and
necessitates the extraction of representative features, typically statistical properties from the time or
frequency domain. For the classification stage, the review did not identify a single universally superior
algorithm but did find that deep learning architectures with memory cells, such as LSTMs and GRUs, are

particularly well-matched for modeling the temporal sequences inherent in device-free HAR data.

The final step is evaluation. The literature shows that comparing multiple algorithms is standard practice.
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Performance is assessed using evaluation metrics; accuracy, precision, recall, and F1-score are the most
prevalent, as detailed in the evaluation subsection. A critical conclusion from the review is that relying
on a single metric provides an incomplete and potentially misleading assessment of classifier
performance. A robust evaluation necessitates the use of multiple metrics to comprehensively capture

different aspects of performance, such as the trade-off between precision and recall.

7.1.2. Results of the Multi-stage Evaluation

The results of Feasibility Study 3 demonstrated that placement significantly impacts HAR performance.
The evaluation, conducted in an authentic kitchen using multiple transceiver-receiver configurations,
revealed that performance varies considerably across different placements. Crucially, the results indicate
that the highest recognition accuracy is achieved when the sensor placement ensures a clear LoS between
the transceiver, the user, and the area where activities are performed. This configuration outperformed
others, establishing that strategic, context-aware sensor placement is a critical factor for optimizing

device-free HAR systems in real-world kitchens.

The findings from our multi-stage evaluation reveal important insights about the viability and
performance of various methods in device-free kitchen activity recognition using WiFi CSI and RSSI
signals. First and foremost, the deep learning approach, while promising in theory, struggled to generalize
effectively in our constrained experimental setup. Despite incorporating context-aware features to
augment the learning capacity of the LSTM model, the limited dataset size (270 samples) significantly
restricted the model's ability to learn complex temporal dynamics. The result was poor training
convergence and underfitting, aligning with earlier studies [183], [184] that stress the need for large,

diverse datasets to successfully train deep neural networks for HAR.

The transfer learning module, which leveraged a pre-trained LSTM from a different activity domain (i.e.,
walking, sitting, standing), also underperformed. While this strategy aimed to adapt generic temporal
features to the target domain, the mismatch between coarse full-body motions and fine-grained object-
interactive kitchen tasks proved to be a major barrier. WiFi CSI is highly sensitive to physical layout and
subtle motion differences, and thus, knowledge transfer from dissimilar domains resulted in low and
stagnant accuracy (26-39%). These results underscore the critical limitations of applying naive transfer
learning to tasks with significant domain shift, especially in RF-based sensing where spatial context and

object interaction matter greatly.
In contrast, the classical machine learning approach, which employed hand-crafted statistical and
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frequency features from CSI amplitude data, demonstrated stronger baseline performance. Even with a
modest dataset, classical methods showed reasonable activity separability, achieving an average accuracy
of 68.3% using Random Forest for three coarse-grained kitchen activities. This result validates the
practical effectiveness of traditional classifiers when combined with well-designed, domain-informed

features, particularly in small data settings.

Building on this observation, the optimized classical method introduced a novel feature selection strategy
based on a MANOVA-guided genetic algorithm. By evolving combinations of features based on Wilks'
lambda values, the algorithm identified subsets of features that maximized inter-class separability for both
activity recognition and environment-activity pair discrimination. This hybrid statistical-learning
approach outperformed heuristic baselines, reaching an accuracy of 73.33% for coarse-grained activities
and 68.51% for environment-activity combinations. These results not only highlight the value of
principled feature selection but also demonstrate the robustness of the optimized pipeline against

environmental variability.

However, the results for fine-grained activity recognition were notably lower. Even the best model (i.e.,
Extra Trees with genetically selected features), achieved only 35.9% average accuracy across nine
granular kitchen activities. This drop in performance reflects the inherent challenge of using RF signals
to distinguish visually and kinematically similar activities (e.g., chopping vs. slicing), especially when
these actions generate weak or overlapping signal patterns. Despite advanced feature selection and
classifier tuning, the limited signal variability captured by CSI in such subtle movements imposes a
natural ceiling on recognition accuracy. This reinforces the idea that while statistical feature optimization
improves discriminative power, the physical limits of RF propagation in fine-movement contexts may
necessitate complementary sensing modalities or multimodal fusion (e.g., combining CSI with audio or

inertial sensors).

Finally, the environment-activity recognition experiment using two-way MANOV A illustrates a practical
step toward real-world deployment of HAR systems. By addressing both spatial and behavioral
variability, the proposed method showed that it is possible to build models with cross-environment
generalization potential, something often missing in traditional device-free HAR studies. Compared to
PCA and heuristic selection, the MANOVA-GA method preserved feature interpretability while
achieving better classification accuracy, providing a meaningful balance between performance and

explainability.

It is important to note a methodological consideration regarding the evaluation of the optimized classical
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method. The feature selection process using the MANOVA-guided genetic algorithm (GA) was
performed prior to cross-validation. This means the same data was used to both select the optimal feature
subset and evaluate the final classifier's performance in the subsequent k-fold cross-validation. While this
provides a valid estimate of the method's performance when the feature selection rule is considered part
of the learned model, it can introduce an optimistic bias compared to a fully nested cross-validation
scheme, where the feature selection is repeated independently within each training fold. The reported
accuracies (e.g., 73.33% for coarse-grained activities) should therefore be interpreted as the performance
of the entire optimized pipeline (feature selection + classifier) on the available data, rather than as an
unbiased estimate of its performance on entirely new data from the same distribution. This design was
chosen for computational efficiency and to establish a strong performance baseline for the proposed
feature selection heuristic. Future work employing this method should implement a nested cross-
validation protocol to obtain a fully unbiased performance estimate and confirm the generalizability of

the selected features.

In summary, this research affirms that while deep learning and transfer learning have theoretical
advantages, classical methods with optimized feature selection currently offer a more robust and
interpretable solution for small-scale, environment-sensitive, device-free HAR systems. Moreover, it
highlights the limitations of current datasets and sensing modalities in capturing nuanced human
behaviors, especially in complex domains like kitchens. Future work should focus on expanding dataset
diversity, exploring multimodal sensing integration, and developing hybrid models that blend domain-
informed feature selection with deep representation learning. These steps are essential for building HAR

systems that are not only accurate but also generalizable and deployable in real-world environments.

7.2 Comparison with Related Work

The proposed method demonstrates several advantages over existing device-free HAR systems,
particularly in the context of kitchen activity recognition. Below, this section compares the proposed
approach with related work in terms of sensing modality, feature extraction, classification techniques, and

robustness to environmental variations.

7.2.1. Sensing Modality and Hardware Efficiency
e Related Work: Many prior studies rely on specialized hardware (e.g., USRP, Intel 5300 NIC) for

high-resolution CSI extraction, which is expensive and impractical for real-world deployment.
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7.2.2.

7.2.3.

7.2.4.

Others use RSSI-based methods, which lack granularity for fine-grained activity recognition.

Proposed Approach: This work utilizes low-cost, commercially available ESP32 modules, thereby
enhancing the system's accessibility and scalability for real-world deployment. Despite the
hardware limitations inherent in such devices, the optimized feature selection and classical
learning pipeline achieves competitive accuracy, demonstrating that high-end hardware is not a

strict prerequisite for effective HAR.

Feature Extraction and Selection

Related Work: Many existing methods rely on heuristic feature selection or deep learning without

explicit feature optimization, leading to suboptimal performance in cross-domain scenarios.

Proposed Approach: In contrast, this work introduces a hybrid feature selection strategy using a
Genetic Algorithm guided by MANOVA. Unlike heuristic or PCA-based methods, this approach
systematically identifies features that maximize inter-class separability while preserving
interpretability. A novel extension of this is the use of two-way MANOVA for environment-
activity recognition, which explicitly models and accounts for environmental variations, a factor

often overlooked in prior work that assumes a fixed experimental setup.

Classification Performance
Related Work: Deep learning methods (e.g., LSTMs, CNNs) struggle with small datasets and
require extensive training data. Classical methods (e.g., Random Forest, SVM) often rely on

manually selected features, limiting generalization.

Proposed Approach: This work demonstrates that for small-scale datasets, an optimized classical
learning pipeline (achieving 73.33% accuracy for coarse-grained activities) can significantly
outperform both deep learning (28-43%) and transfer learning (26-39%) approaches. Furthermore,
robustness is ensured by evaluating a comprehensive panel of classifiers (e.g., Extra Trees,

Gradient Boosting, Random Forest) rather than relying on a single model.

Robustness to Environmental Variations
Related Work: Most studies evaluate HAR in controlled lab environments, ignoring real-world

variability.

Proposed Approach: The proposed method explicitly addresses environmental variability. The
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7.2.5.

7.3

two-way MANOVA feature selection achieved 68.51% accuracy in distinguishing activities
across different kitchens, demonstrating a degree of adaptability to unseen environments.
Additionally, the selected features show resilience to minor changes in sensor placement, reducing

the dependency on precise, fixed configurations.

Granularity of Recognized Activities

Related Work: Many HAR systems focus only on coarse-grained activities (e.g., walking, sitting)

and struggle with fine-grained motions (e.g., chopping vs. slicing).

Proposed Approach: This work provides a systematic evaluation across a spectrum of activity
granularity, from coarse-grained (73.33% accuracy) to fine-grained (35.9% accuracy). This
hierarchical analysis offers concrete insights into the specific challenges associated with

recognizing subtle, object-interactive motions compared to more general activities.

Limitations

The proposed method is effective in controlled settings but still has several limitations that must be

acknowledged. These constraints stem from hardware, environmental factors, and inherent challenges in

device-free HAR using WiFi CSI.

7.3.1.

7.3.2.

Hardware and Sensor Limitations

This research utilized the ESP32-WROOM-32 module. The performance of the proposed method
is intrinsically tied to the capabilities and limitations of this specific hardware, particularly its Wi-
Fi chipset and antenna design. Different transceivers (e.g., Intel 5300 NIC, Atheros AR9580) offer
varying numbers of spatial streams, subcarrier resolution, and sampling rates. Therefore, the
findings on feature importance and classification performance may not be directly generalizable,
and a different sensor choice could potentially yield different results, either positively or

negatively impacting accuracy.

Sensitivity to Environmental Layout

Fixed Sensor Placement Requirement: Even minor changes in sensor or furniture positions alter
multipath propagation, degrading recognition accuracy. This limits real-world deployment where

environments are dynamic.
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LoS Dependency: Activities performed outside the direct LoS between transceivers may not

generate detectable signal variations. It affects the generalizability of proposed system.

7.3.3. Activity-Related Noise

Inter-User Variability: Differences in body size, movement speed, and style (e.g., aggressive vs.

gentle stirring) lead to inconsistent CSI patterns, reducing model generalizability.

Limited Fine-Grained Discrimination: While coarse-grained activities (e.g., "Store" vs. "Wash")
achieve ~73% accuracy, distinguishing fine-grained motions (e.g., "Chop" vs. "Slice") remains

challenging (35.9% accuracy).

7.3.4. Ambient Noise Factors

Wi-Fi Interference: Real-world kitchens often contain microwaves, Bluetooth devices, and

neighboring Wi-Fi networks, which cause unpredictable signal fluctuations.

Non-Human Motions: Movements of pets, ceiling fans, or curtains may affect the signal path and

quality of the data.

7.3.5. Dataset Scale and Diversity

Few Participants: Data from only three users restricts the model’s ability to generalize across

demographics (e.g., height, handedness).

Single-Activity at a Time: The dataset captures isolated activities, whereas real cooking involves

concurrent actions (e.g., stirring while walking), which the system cannot yet consider.

7.3.6. Computational and Practical Barriers

Genetic Algorithm Overhead: The MANOV A-based feature selection, while effective, can be

computationally intensive and impractical for real-time edge deployment.

Lack of Real-Time Testing: The offline evaluation does not account for latency or processing

delays in live scenarios.
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Chapter 8 Conclusion and Future Works

This dissertation explored multiple approaches for device-free kitchen activity recognition using WiFi
CSI, including deep learning, transfer learning, and classical machine learning techniques. The
experimental results demonstrated that, given the limited dataset size and the complexity of subtle kitchen
activities, deep learning models and transfer learning strategies face significant challenges in achieving

robust performance, as they require larger, more diverse datasets to generalize effectively.

In contrast, classical machine learning methods combined with carefully engineered statistical and
frequency-domain features proved more effective for recognizing coarse-grained kitchen activities. This
work developed a novel MANOV A-guided genetic algorithm to optimize the feature set, which enhanced
classification accuracy and robustness across varying environments. This hybrid approach successfully
balanced interpretability with performance, presenting a practical solution for real-world device-free

HAR.

Despite promising results for coarse-grained tasks, recognizing fine-grained kitchen activities remains
challenging due to the subtle differences in RF signal patterns. This highlights the inherent limitations of
using WiF1 CSI alone for complex activity recognition and suggests that future research should investigate
multimodal sensing approaches or more sophisticated deep learning architectures tailored for fine-grained
actions. Questions remain regarding which level of granularity is both feasible to capture and most

valuable for supporting recommender systems in smart homes.

Overall, the findings of this research emphasize the critical importance of dataset size, feature engineering,
and environmental considerations in device-free HAR. The proposed optimized classical learning method
offers a strong foundation for future work aimed at developing accurate, generalizable, and interpretable

WiFi-based activity recognition systems for smart home applications.

Future research in device-free human activity recognition (HAR) should focus on several key areas to
enhance system performance and applicability. Improving noise reduction during preprocessing and
advancing feature extraction methods will help the system better capture subtle activity details. Classifier
fusion, integrating both traditional and deep learning models, can improve classification accuracy and
versatility. Additionally, reducing dependency on specific environments and users, as well as achieving
real-time responsiveness, are essential for deploying HAR systems in diverse, real-world contexts.

Addressing these challenges will lead to more robust, adaptable, and accurate HAR systems suitable for
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applications across various fields.

8.1 Underexplored Sensor Modalities

Future work should explore beyond WiFi CSI to include multi-modal sensor fusion. Techniques that
combine WiFi with other modalities, such as cameras (e.g., AutoDLAR [208]) or acoustic sensors, could
overcome the inherent limitations of a single sensing technology. Furthermore, emerging sensing
paradigms, such as those leveraging 5G/6G infrastructure and Reconfigurable Intelligent Surfaces (RIS)

[209], represent a promising but underexplored frontier for device-free HAR.

8.2 Advanced Preprocessing Techniques

Future work must develop more advanced preprocessing techniques to isolate activity-related signals from
environmental and RF noise. Investigating adaptive filtering, blind source separation, or advanced noise-
canceling algorithms tailored for CSI data could significantly improve signal clarity before feature

extraction.

8.3 Enhanced Feature Engineering

Future research should prioritize feature engineering methods that capture the most informative, context-
independent characteristics of human activity. This includes developing environment-agnostic, user-
agnostic, and activity-agnostic features that generalize across diverse settings and subjects. This will be
essential for HAR systems that need to perform accurately and reliably across various application domains

without requiring extensive recalibration.

8.4 Improved Classification via Fusion Techniques

Future work should investigate hybrid classification models that fuse the strengths of classical and deep
learning approaches. Ensemble methods, stacking, or other fusion techniques could be employed to create
more robust and accurate classifiers that leverage the interpretability of classical models and the

representational power of deep networks.

8.5 Fine-Grained Activity Recognition

A critical direction for future work is a dedicated focus on fine-grained activity recognition. Overcoming

the current accuracy ceiling for subtle motions requires novel approaches, potentially involving higher-
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resolution sensing, better temporal modeling, or the multimodal fusion mentioned in Section 8.1. Success
in this area would enable applications in health monitoring, precision sports training, and personalized

services.

8.6 Low Computational Cost, High Accuracy Approaches

Future work should explore computationally efficient algorithms that maintain high accuracy while
minimizing processing overhead. Techniques such as lightweight feature extraction, model compression,
pruning, or the development of novel algorithms designed for edge deployment are essential for making

HAR systems scalable and practical for resource-constrained devices in real-world settings.

8.7 Data-Efficient Deep Learning with Aggressive Augmentation

Due to the sensitivity of deep learning models to limited dataset size, the future researchers may explore
simpler, more data-efficient neural architectures trained from scratch, rather than relying on transfer
learning from dissimilar domains. Specifically, a promising future direction is to combine the data
augmentation strategies with a lightweight model such as a 2-layer CNN trained directly on the augmented
kitchen activity data. This approach is fundamentally different from the transfer learning method
evaluated in Chapter 6, as it does not depend on pre-trained weights from an irrelevant source domain.
Instead, a shallow CNN may avoid the overfitting that plagued the LSTM while still capturing the
informative spatial patterns in CSI data when trained on a sufficiently expanded dataset via augmentation.
Investigating this architecture would help determine the minimum viable model complexity for device-

free HAR and establish a more robust baseline for deep learning in data-constrained scenarios.
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