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Abstract

WiFi sensing enables non-intrusive, device-free monitoring of human activit-
ies by analyzing Channel State Information (CSI) extracted from commodity
WiFi signals. While most research has studied Human Activity Recognition
on pre-segmented clips, the harder problem of temporal activity segmentation
— partitioning a continuous CSI stream into labeled activity intervals — has
received less attention, and progress is limited by the absence of high-quality
datasets and standardized evaluation infrastructure.

This thesis addresses that gap through three interconnected contributions.
First, we introduce WiPos, a multimodal dataset in which a subject performs
activities at freely varying positions, annotated with millisecond-scale precision
using motion capture. Second, we present Breaking-CSI, a unified benchmarking
framework that enables fair, reproducible comparison of segmentation methods
across multiple datasets. Third, we propose DopplerTAS, a temporal activity
segmentation model that operates on Doppler features derived from the time-
differential CSI phase rather than raw amplitude, making predictions largely
position-invariant.

Experiments using Breaking-CSI to evaluate representative baselines from
the literature show that all of them suffer a consistent accuracy drop on WiPos
compared to their native datasets, confirming that positional variation is the
dominant challenge. DopplerTAS achieves 96.7% frame accuracy and 90.4%
mloU on WiPos, improving over 30 percentage points on both metrics.

Together, these contributions provide the dataset quality, evaluation thor-
oughness, and modeling approach needed to advance WiFi-based temporal activ-
ity segmentation from isolated recognition experiments toward continuous,
position-robust sensing.
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Chapter 1

Introduction

1.1 Motivation

WiF1i sensing harnesses ubiquitous WiFi signals to enable non-intrusive, device-
free monitoring of environments and human activities. Early works in device-
free sensing analyzed changes in Received Signal Strength Indicator (RSSI) to
detect environmental changes and human presence [68]. However, RSSI provides
only coarse-grained information, limiting the granularity of sensing applications.
A significant advancement came with the exploitation of Channel State Inform-
ation (CSI), which provides fine-grained physical layer measurements across
multiple subcarriers and antenna pairs [18]. Seminal works [57, 42 [3] demon-
strated that changes in the wireless propagation environment, caused by human
motion, gestures, and even physiological signals, can be detected and analyzed
through CSI variations. Unlike RSSI, CSI captures both amplitude and phase
information at the subcarrier level, enabling more precise and diverse sensing
capabilities.

The field of WiFi sensing has matured significantly in recent years, trans-
itioning from academic research to practical deployment and standardization.
The IEEE 802.11bf standard [13], currently under development, aims to stand-
ardize WiF1i sensing functionalities by exposing CSI to authenticated devices in
WiFi networks, recognizing its growing importance. Commercial products have
begun to emerge, such as Origin Wireless’s ” Time Reversal” technology [6] for
presence detection and fall detection, and WiFi-based intrusion detection sys-
tems [72]. Beyond WiFi, similar sensing techniques are being investigated; for
example in 6G networks, where integrated sensing and communication (ISAC)
is envisioned as a core capability [33]. This growing ecosystem underscores WiFi
sensing as a cost-effective, scalable solution for smart homes, healthcare monit-
oring, security, and industrial applications, leveraging existing communication
infrastructure without requiring specialized hardware.

Despite these advances, most WiFi sensing research has focused on Human
Activity Recognition (HAR), where the goal is to classify isolated activities from
sensor data [36]. These works typically assume pre-segmented input: fixed-
length windows of CSI values, each containing exactly one activity, which are
then classified by recognition models. This assumption simplifies the problem
but ignores a critical preceding challenge: how to properly achieve such seg-



mentation in the first place. The problem of temporal activity segmentation
— automatically partitioning continuous CSI streams into meaningful activity
segments — has received far less attention [10, [ [69].

This gap is particularly problematic for real-world deployment. Practical
WiF1i sensing applications receive continuous streams of raw CSI data, not pre-
cut segments. Real-world systems must understand ongoing human behavior
as it unfolds, detecting when one activity ends and another begins without
manual intervention. Most existing CSI-based systems assume clean, pre-labeled
windows, which is unrealistic in practical scenarios where activities occur con-
tinuously, transitions are ambiguous, and activity durations vary significantly.
Moreover, CSI data presents unique segmentation challenges compared to other
modalities such as video. WIiFi signals are inherently noisy, affected by en-
vironmental interference, hardware imperfections, and multipath propagation.
Unlike visual data where object boundaries are often perceptually clear, CSI
patterns are abstract representations of physical phenomena, making temporal
boundaries between activities difficult to spot even for domain experts.

Where segmentation is addressed, it has traditionally been done on threshold-
ing, typically based on energy variations in CSI amplitude [55] 27, [61]. This
approach is fragile and unreliable: it can only segment activities that produce
large amplitude changes, fails when transitions are gradual or subtle, and re-
quires careful tuning of environment-dependent thresholds. Recently, several
works have begun applying machine learning techniques to CSI-based activity
segmentation [62] [34] [69]. While these methods show promise and improve upon
threshold-based approaches, they still face significant limitations. Performance
remains suboptimal for complex scenarios where activity boundaries are not
predefined, and the signal is continuous and untrimmed [34) [69]. Furthermore,
the methods struggle with multi-person detection and deployment on resource-
constraint devices, limiting the practical usability [69)].

Current datasets and segmentation models present several bottlenecks that
hinder advancement. Most publicly available CSI datasets are small-scale, with
limited subjects (typically 3-5 individuals), moderate sampling rates (50-100
Hz), restricting model generalization and the capture of rapid activity trans-
itions [16]. Beyond scale, existing datasets often suffer from problematic an-
notation practices: temporal boundaries are derived from manual video labeling,
introducing human error and imprecision at the millisecond scale where CSI op-
erates [I1l 16]. Many datasets provide only isolated activity clips rather than
continuous activity streams with natural transitions [I1], 62, [34], failing to reflect
realistic deployment scenarios. Activities are often performed with uniform dur-
ation and style, lacking the natural variability present in real-world behavior.
Furthermore, some datasets employ intransparent or inconsistent preprocessing
pipelines, making it difficult to reproduce results or fairly compare methods.
These data quality issues create a fundamental ceiling on model performance;
even sophisticated deep learning architectures cannot overcome inaccurate or
unrealistic training data. Existing segmentation approaches struggle with fine-
grained activities in continuous scenarios. While threshold-based methods with
sliding windows work for coarse-grained tasks like fall detection, they cannot
distinguish fine-grained activities with similar signal characteristics, such as dif-
ferent gestures [69]. Many approaches instead rely on pauses between activities
to mark segmentation boundaries [69], an unrealistic constraint for real-world
applications. Learning-based methods can overcome these limitations when



trained on large, diverse datasets with activities at multiple granularities [9],
but such datasets are currently scarce in WiFi sensing [34].

This thesis addresses these challenges by creating the dataset, benchmarking
infrastructure, and modeling approach needed to advance WiFi-based activity
segmentation. The core contribution is a high-quality, multi-modal dataset built
from the ground up: a purpose-built recording environment merges CSI meas-
urements from multiple commercial routers with synchronized motion capture
and video data, while purpose-built annotation tools leverage motion capture
to achieve millisecond-accurate temporal labels, precision unattainable through
manual video labeling. To enable rigorous evaluation of segmentation meth-
ods, a unified benchmarking framework was developed that integrates existing
approaches into a shared environment with standardized data formats, prepro-
cessing pipelines, and evaluation metrics. Building on this infrastructure, we
propose DopplerTAS, a temporal activity segmentation model that operates on
Doppler features derived from the time-differential CSI phase rather than raw
amplitude, making its predictions largely invariant to the subject’s position.
This approach provides the foundation for bridging the gap between isolated
activity recognition and continuous activity understanding, moving WiFi sens-
ing toward reproducible research and practical deployment.

1.2 Problem Statement

Building on the motivation outlined above, this thesis addresses two intercon-
nected gaps that hinders progress in WiFi-based activity segmentation: the
lack of high-quality, accurately annotated datasets and standardized evaluation
frameworks necessary for developing and comparing segmentation methods, and
the inability of existing models to generalize across spatial positions due to their
reliance on position-dependent raw CSI amplitude.

While algorithmic approaches to temporal activity segmentation have been
proposed, their development and evaluation are constrained by three intercon-
nected infrastructure challenges and one fundamental modeling challenge:

Data Quality Challenges Existing CSI-based activity datasets suffer from
critical limitations that undermine their utility for segmentation research.
Manual video-based annotation introduces temporal imprecision, creating a fun-
damental ceiling on achievable segmentation accuracy; models cannot learn
boundaries more precisely than the ground truth labels. Datasets often consist
of isolated activity clips rather than continuous streams with natural transitions,
failing to capture the realistic activity boundaries from ongoing motion. Ad-
ditionally, many datasets lack synchronized auxiliary modalities (e.g., motion
capture, video) that could enable more precise labeling or serve as complement-
ary inputs for multimodal approaches.

Reproducibility and Comparison Challenges The absence of standard-
ized benchmarking infrastructure prevents fair comparison across segmentation
methods. Works employ different datasets, preprocessing pipelines, train-test
splits, and evaluation metrics, making it impossible to determine which al-
gorithmic contributions genuinely improve performance versus benefiting from
favorable experimental conditions. Without unified evaluation protocols, the



field cannot systematically assess progress or identify which approaches are most
effective for activity segmentation.

Evaluation Methodology Challenges Segmentation evaluation requires
metrics that assess both temporal localization accuracy (boundary precision)
and classification correctness, yet protocols vary across works. Boundary toler-
ance thresholds, handling of partial overlaps, and metric choices differ, complic-
ating interpretation of reported performance and preventing meaningful com-
parison across studies.

Position-Induced Generalization Challenges Existing WiFi activity seg-
mentation models process raw CSI amplitude, which encodes the full multipath
channel determined by the subject’s motion and their position relative to the
antennas. As a result, even the same activity performed at a different location
in the room produces a different CSI pattern. Models trained on datasets where
subjects remain at a fixed position therefore fail to generalize to recordings with
spatial diversity, limiting practical deployment.

1.2.1 Research Questions

This thesis investigates the infrastructure and modeling approaches necessary
for advancing WiFi-based activity segmentation:

1. What dataset characteristics enable rigorous segmentation re-
search? Specifically, what annotation precision is required? What role
do synchronized multimodal data play? How should continuous activity
sequences be structured?

2. How can standardized benchmarking enable fair model compar-
ison? What preprocessing, data formatting, and evaluation protocols are
needed to assess segmentation methods consistently across different ap-
proaches?

3. What evaluation methodologies appropriately assess segmenta-
tion quality? Which metrics capture both temporal precision and clas-
sification accuracy? How should these metrics be applied to enable mean-
ingful comparison?

4. Can Doppler features derived from CSI phase enable position-
invariant activity segmentation? Specifically, does operating on time-
differential phase rather than raw amplitude substantially improve seg-
mentation accuracy when subjects perform activities at diverse positions
in the room?

Addressing these questions requires contributions in data collection method-
ology, annotation infrastructure, a benchmarking framework, and model design.
This thesis delivers each of these contributions, as detailed in Section [I.3

1.3 Contributions

The main contributions of this thesis are summarized as follows:



1. WiPos dataset: A multimodal dataset comprising WiFi CSI, motion
capture data, and video recordings, annotated with millisecond-precise
activity segmentation labels. One subject performed ten activities at 16
positions throughout the recording space, providing spatial diversity ab-
sent from most existing CSI datasets.

2. Annotation infrastructure: A custom annotation tool that presents
synchronized high-rate motion capture alongside video, enabling an an-
notator to place activity boundaries with millisecond-scale precision that
manual video labeling alone cannot provide.

3. Breaking-CSI benchmarking framework: A unified benchmarking
framework for WiFi CSI-based activity segmentation that standardizes
data preprocessing, model interfaces, and evaluation metrics, enabling fair,
reproducible, and cross-dataset comparison of segmentation models.

4. DopplerTAS: A novel model for WiFi-based temporal activity segment-
ation that operates on Doppler features derived from the time-differential
channel phase, making predictions position-invariant. DopplerTAS uses
a bidirectional LSTM with a per-frame classifier, achieving 90.6% frame
accuracy on the WiPos dataset.

5. Experimental evaluation: A comprehensive evaluation of existing seg-
mentation models and DopplerTAS, conducted using the benchmarking
framework on both the WiPos dataset and existing public CSI datasets.

1.4 Thesis Outline

This thesis is structured as follows.

Chapter [2] introduces the necessary background on WiFi Channel State In-
formation (CSI) and activity segmentation, and reviews related work in CSI-
based human activity analysis, relevant datasets and benchmarks.

Chapter [3] presents the WiPos dataset. It details the experimental setup, data
collection process, synchronization of modalities, and the labeling methodology
used to obtain millisecond-precise activity annotations.

Chapter [] describes the proposed Breaking-CSI benchmarking framework,
including its design principles, architecture, and the methods used to enable fair
and reproducible evaluation of segmentation models across multiple datasets.

Chapter [5] introduces DopplerTAS, a novel model for WiFi-based temporal
activity segmentation. It motivates the use of Doppler features for position-
invariant sensing, describes the BiLSTM-based architecture, and presents the
training protocol.

Chapter [6] presents the experimental evaluation. It reports benchmarking
results for existing segmentation models across all datasets, and evaluates Dop-
plerTAS on the WiPos dataset including ablation studies on temporal context
and spatial diversity.

Chapter [7] discusses the key findings of the experimental evaluation, analyzes
the strengths and limitations of the WiPos dataset, DopplerTAS, and bench-
marking framework, and reflects on their implications for CSI-based activity
segmentation.



Finally, Chapter [§] summarizes the contributions of this thesis and outlines
directions for future research.



Chapter 2

Background and Related
Work

This chapter provides the technical foundations and related work necessary for
the rest of the thesis. Section 2.1] introduces WiFi Channel State Information
(CSI): its physical meaning, measurement model, and the signal processing that
relates raw CSI to human motion. Section [2.2] distinguishes activity recognition
from temporal activity segmentation and summarizes the challenges specific to
the segmentation task. Section [2.3]surveys existing CSI-based sensing datasets,
segmentation methods, and benchmarking efforts, identifying the gaps that mo-
tivate this work.

2.1 Channel State Information

2.1.1 CSI Fundamentals

Modern WiFi systems based on the IEEE 802.11 protocol have evolved to
support higher data rates through two key techniques: Orthogonal Frequency-
Division Multiplexing (OFDM) and Multiple-Input Multiple-Output (MIMO)
[20, 38]. OFDM divides bandwidth into multiple orthogonal subcarriers for
robust frequency-diverse transmission, while MIMO exploits spatial diversity
through multiple antennas to increase throughput and reliability [38].

These systems fundamentally require channel estimation to enable communic-
ation. Wireless communication lacks inherent synchronization between trans-
mitter and receiver, necessitating synchronization mechanisms built into the
protocol through preambles and pilot symbols. Each packet contains known
training symbols that allow the receiver to estimate the wireless channel, en-
abling equalization — the removal of channel distortion — to recover trans-
mitted data [I8]. This per-packet channel estimation occurs within a channel
coherence interval, during which the environment is assumed sufficiently static
to maintain a constant channel response. Researchers have recently recognized
that these channel estimates are highly correlated with changes in the physical
propagation environment [3],[36]. The same channel characteristics that must be
compensated for communication contain rich information about environmental
conditions, including human presence and movement. This has enabled a new



paradigm: repurposing CSI, originally extracted for communication purposes,
for device-free sensing and activity inference.

Channel State Information is obtained through a channel estimation pro-
cedure using known preamble symbols transmitted at the start of each WiFi
packet [I8]. This estimation reveals the channel response, which describes how
the wireless channel affects transmitted signals. For a system with N, transmit
antennas, IV, receive antennas, and Ny subcarriers, CSI can be represented as a
complex-valued matrix H € CN»*NtxXNs  where each element H; ; 1, represents
the channel response from transmit antenna j to receive antenna i at subcarrier
k. The relationship between transmitted and received symbols on subcarrier k
is given by:

yr = Hy -z +1 (2.1)

where g is the received symbol, Hy is the channel response at frequency fx,
x) is the transmitted symbol on subcarrier k and 7 is some noise [5]. In MIMO
systems, this extends to matrix form accounting for all antenna pairs.

CSI characterizes how wireless signals propagate from transmitter to receiver,
capturing the combined effects of multipath propagation, shadowing, scatter-
ing, reflection, and diffraction in the environment [20]. In indoor environments,
signals typically reach the receiver via multiple propagation paths, each experi-
encing different reflections, amplitude changes, and delays. The received signal
can be modeled as the superposition of these paths:

Ny, -
Hk: = Z aie_ﬂ”f”"' (22)

i=1

where N, is the number of propagation paths, a; is the complex amplitude
(amplitude and phase shift) of path ¢ due to reflections, fi is the frequency of
subcarrier k, and 7; is the propagation delay of path ¢ [5]. Each path intro-
duces a custom amplitude scaling and phase shift depending on the number of
reflections, the materials encountered, and the path length.

Each CSI measurement Hy results from the interference of all propagation
paths on the complex plane. The observed amplitude |Hy| and phase £ H}, arise
from constructive and destructive interference between paths — paths with sim-
ilar phase reinforce, while opposing phases can cancel, potentially producing zero
amplitude even without attenuation. When objects or people move in the en-
vironment, the path lengths 7; and amplitude a; change over time, causing vari-
ations in CSI. Notably, changes in path length introduce time-dependent phase
shifts in the path components of the channel. A time-varying phase shift mani-
fests the same formulaic structure as a frequency shift — the Doppler frequency
— since both represent frequency shifts due motion. This is why human move-
ment creates characteristic Doppler signatures in CSI measurements. These
fine-grained physical layer measurements provide significantly richer frequency-
resolved information than coarse-grained Received Signal Strength Indicator
(RSSI) values, enabling more sophisticated sensing applications [5].

2.1.2 CSI for WiFi Sensing

WiFi sensing leverages CSI measurements to monitor and interpret changes in
the wireless propagation environment. Unlike coarse-grained RSSI that provides



one value per packet, CSI is a fine-grained physical layer measurement describ-
ing amplitude and phase on each subcarrier [60]. Due to multipath effects, sub-
carriers travel along different fading and scattering paths, creating frequency
diversity with unique amplitude and phase characteristics. This enables con-
struction of unique signal ”fingerprints” that capture environmental state [60].
When humans move, they alter propagation paths through obstruction, reflec-
tion, and scattering, with changes captured by CSI variations across subcarriers
and antennas.

This sensing modality offers several practical advantages. First, WiFi sensing
reuses existing communication infrastructure, eliminating the need for special-
ized sensing hardware and enabling cost-effective deployment in environments
already equipped with WiF1i access points. Second, WiFi signals penetrate walls
and operate in non-line-of-sight conditions, unlike vision-based systems. Third,
WiFi sensing is non-intrusive and privacy-preserving, as it does not capture
visual information about individuals or their surroundings. These character-
istics make WiFi sensing particularly suitable for applications in smart homes,
elderly care and ambient monitoring where camera surveillance or wearable
devices may be undesirable [36], [25].

CSI Sensitivity to Human Motion CSI exhibits high sensitivity to human
activities due to the significant impact of the human body on wireless signal
propagation. The human body acts as a substantial obstacle and reflector for
WiFi signals in the 2.4 GHz and 5 GHz bands. When a person moves, multiple
effects influence the received CSI: (1) dynamic multipath, where moving body
parts create time-varying reflection and scattering paths, (2) Doppler shifts
caused by motion velocity, and (3) shadowing effects when the body obstructs
direct or indirect signal paths [57].

Different activities produce characteristic temporal patterns in CSI measure-
ments. Figure illustrates this through a Doppler spectrogram, which reveals
the frequency shifts caused by motion: walking produces moderate, periodic
Doppler patterns, standing shows minimal frequency content, and running gen-
erates strong, high-frequency Doppler shifts corresponding to rapid movement.
This temporal sensitivity makes CSI suitable for inferring a wide range of in-
formation about human motion, including activity and gesture recognition, vital
sign monitoring (e.g., breathing rate), gait-based identification, presence detec-
tion, and other motion-related applications.

Practical CSI Measurement Challenges

While the idealized channel model in Equation describes the theoretical
propagation environment, CSI measurements extracted from commodity WiFi
hardware exhibit several practical artifacts that must be addressed for sensing
applications.

Phase Offset and Synchronization Errors. The measured CSI phase
contains random offsets introduced by lack of synchronization between trans-
mitter and receiver, as well as hardware inaccuracies in the signal processing
chain [73].

Most prominently, sampling time offset (STO) and carrier frequency offset
(CFO) introduce a linear deviation across subcarriers, where both slope and
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Figure 2.1: Doppler spectrogram showing characteristic motion signatures
for different activities. Walking produces moderate, periodic Doppler patterns,
standing exhibits minimal frequency content, and running generates strong high-
frequency Doppler shifts. The vertical axis shows Doppler frequency, while pixel
intensity indicates signal strength.

offset may vary randomly between packets and across antenna pairs, obscuring
the true propagation phase information needed for sensing.
The measured phase can be expressed as:

ZHy, = ZHy, — 2nk fiby + B+ Z (2.3)

where Z/Hjy, is the true channel phase, §; is the timing offset at the receiver, fj
is the subcarrier spacing between two adjacent subcarriers, g is the total phase
offset, and Z represents additive white Gauss measurement noise [73]. The
linear term 27k fi.6; captures the slope across subcarriers due to STO, while
represents the constant offset.

Automatic Gain Control (AGC) Effects. WiFi receivers employ AGC
to maintain signal levels within the dynamic range of the analog-to-digital
converter. AGC dynamically adjusts receiver gain based on received signal
strength [§], introducing multiplicative scaling factors to CSI amplitude meas-
urements that are independent of the actual channel. Since AGC settings can
change between packets, raw CSI amplitudes are not directly comparable across
time, complicating activity detection that relies on amplitude variations.

Antenna Conjugation and Hardware Asymmetries. Many phase er-
rors, particularly those introduced by STO and CFO, are shared across all
receive antennas on a single device. This means that CSI measurements from
all antennas at any given time share the same linear phase offset described in
Equation Antenna conjugation is a technique to remove these shared phase
offsets by using one antenna as a phase reference. Through complex conjugation
and multiplication, the shared linear component cancels out in the remaining
antennas. When multiple receive antennas are available, this is the preferred
method for phase sanitization. When only a single receive antenna is available,
or when sacrificing one antenna as a phase reference is undesirable, linear phase
removal can be applied instead. This technique fits and subtracts the linear
component directly from the subcarrier phase measurements of a single an-
tenna, recovering an approximation of the true channel phase without requiring
a reference antenna. Hardware imperfections and device-specific CSI extraction
implementations introduce additional measurement variations that may differ
across WiFi chipsets.

10



2.2 Activity Recognition and Segmentation

This section distinguishes between two fundamental tasks in human activity ana-
lysis: activity recognition, which classifies pre-segmented activity instances, and
activity segmentation, which identifies temporal boundaries between activities
in continuous streams. Understanding this distinction is critical, as most ex-
isting WiFi sensing research addresses only recognition while assuming manual
segmentation, limiting practical deployment.

2.2.1 Activity Recognition

Human Activity Recognition (HAR) classifies activities from sensor data [31]. In
the standard formulation, each input is assumed to contain exactly one activity:
a sensor reading or video clip showing a person walking, sitting, or performing
another action. The classifier’s task is to identify which activity the input
represents.

This single-activity assumption has enabled significant algorithmic progress
but introduces a fundamental dependency: continuous sensor streams must first
be divided into single-activity segments. This segmentation is typically per-
formed manually, which is time-consuming, subjective, and prevents autonom-
ous system operation. Further, reality often does not provide pre-segmented
windows of data. This is especially true for WiFi sensing, where CSI arises
naturally during communication, and is not tied to an activity trigger, nor
does it directly allow for activity disambiguation. Real-world deployment re-
quires systems that can process continuous activity streams without manual
intervention—a capability that recognition alone cannot provide.

2.2.2 Activity Segmentation

Activity segmentation addresses a more comprehensive problem than isolated
activity recognition: automatically partitioning continuous sensor data streams
into temporal segments and classifying each segment. This eliminates manual
pre-segmentation and enables real-time processing of natural, continuous beha-
vior [15].

Taxonomy of Temporal Activity Analysis Tasks Several related but dis-
tinct formulations exist for analyzing activities in continuous streams:

e Temporal Action Segmentation (TAS): The task of assigning an
activity label to every time step in a continuous sequence, thereby solving
segmentation and classification jointly. This produces dense, frame-level
predictions [12]

e Temporal Action Detection (TAD): Outputs discrete temporal seg-
ments with start times, end times, and activity labels. This is semantically
equivalent to TAS with an additional ”background” or ”unknown” class
for non-activity periods, but focuses on sparse predictions[34].

e Action Boundary Detection (ABD): Focuses solely on identifying
temporal boundaries between activities without classification, treating
segmentation and recognition as separate tasks [14].
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2.2.3 Challenges of Segmentation

Activity segmentation presents several fundamental challenges that makes it
inherently more difficult than isolated activity recognition:

Temporal Boundary Ambiguity Models must identify subtle temporal
boundaries between activities without explicit segmentation cues. Transitions
between activities are often gradual rather than instantaneous, with boundaries
that are ambiguous even to human annotators [I]. For example, the transition
from ”standing” to ”walking” may involve preparatory movements that blur the
exact boundary.

Variable Activity Duration Segmentation systems must handle activities
with different temporal extents, from brief actions lasting a fraction of a second
to extended activities spanning minutes [56} [69].

Activity Granularity and Hierarchical Structure What constitutes a
distinct activity depends on the desired semantic granularity level, which varies
by application; annotations must clearly define the intended level[69].

Inter-Subject Variability Models must be robust to variations in how dif-
ferent individuals perform the same activity, including differences in duration,
execution speed, movement style, and body dimensions [69].

Sequential Dependencies Identifying one segment’s boundary may depend
on understanding surrounding context. Activities do not occur in isolation but
as part of meaningful sequences, requiring models to capture temporal depend-
encies across extended time horizons [24].

2.3 Related Work

This section surveys work relevant to CSI-based activity segmentation. Sec-
tion [2.3.1] reviews segmentation methods ranging from unsupervised motion
detection to supervised temporal action segmentation, including a clustering-
based algorithm adapted from the video domain. Section surveys existing
CSI datasets, distinguishing those suitable for segmentation evaluation from
recognition-focused benchmarks. Section identifies the gaps that motivate
this work.

2.3.1 Activity Segmentation Methods

This subsection reviews CSl-based activity segmentation methods, organized
chronologically to illustrate their evolution. The literature divides into two
distinct approaches based on supervision requirements and capabilities:
Unsupervised and training-free methods operate without labeled data,
typically employing threshold-based detection or clustering techniques. These
approaches treat activity detection as a component within larger sensing sys-
tems. Critically, they perform motion detection — distinguishing motion from
static states — but do not differentiate between activity types. This limits their
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applicability to recognition tasks but makes them practical for deployment scen-
arios where labeled training data is unavailable.

Supervised and semi-supervised methods treat segmentation holistic-
ally, requiring labeled data to train models that simultaneously detect bound-
aries and recognize activity types. More advanced approaches in this category
enable change detection between continuous activities without intervening static
periods, addressing realistic scenarios where activities transition from one to an-
other.

Clustering-based methods from the video domain are parameter-free
algorithms originally developed for video action segmentation that require no
domain-specific training and can be applied to any sequential modality, includ-
ing WiFi CSI.

The transition from RSSI to CSI-based sensing enabled the evolution of the
first two categories, as the fine-grained channel information of CSI provides the
sensitivity necessary for accurate temporal localization and activity differenti-
ation.

Unsupervised and Training-Free Approaches

Jiang Xiao et al. [63] proposed FIMD, a device-free indoor motion detection
system using fine-grained CSI. FIMD extracts temporal and frequency diversity
features from CSI measurements, then applies DBSCAN clustering to identify
motion events. The approach treats motion detection as an outlier detection
problem: features from static environments form dense clusters representing
normal conditions, while motion causes CSI deviations that appear as outliers
in the feature space. DBSCAN identifies these outliers without requiring labeled
training data, enabling unsupervised motion detection. The evaluation shows
that CSI-based motion detection outperforms RSS-based approaches.

MoSense [I7] detects human motion by analyzing CSI amplitude fluctuations
caused by movement in the environment. The system operates in two stages:
first, a silence analysis model characterizes stationary periods to establish a
baseline for distinguishing motion from static conditions. Second, a subcarrier
selection mechanism identifies which subcarriers are most sensitive to motion
by measuring similarity between subcarrier responses, filtering out those dom-
inated by noise. This selection reduces computational complexity by processing
only the most informative channels. The authors demonstrate real-time motion
detection using commodity WiFi hardware without requiring specialized sensors
or camera-based monitoring.

RT-Fall [55] performed real-time fall detection using commodity WiFi through
automatic segmentation and classification. For segmentation, the system mon-
itors the variance of CSI phase differences across antennas to identify finishing
points of fall and fall-like activities — when variance changes exceed a threshold,
the system traces back to determine the activity’s starting point. For classific-
ation, RT-Fall extracts eight features from the segmented CSI data, including
statistical measures, signal velocity, and two novel features: Timelag (charac-
terizing state transition speed) and Power Decline Ratio (measuring power loss
after the activity finishes). These features, extracted from both CSI amplitude
and phase difference, are fed into an SVM classifier to distinguish falls from
fall-like activities. This enables autonomous, real-time fall detection without
manual segmentation.
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WiSH [70] addresses the challenge of continuous human presence detection
on resource-constrained devices. Prior WiFi sensing systems required high
sampling rates (100-1000 Hz) and significant computation, making whole-day
monitoring impractical. WiSH introduces a lightweight real-time detection sys-
tem that operates at only 20 Hz sampling rate while maintaining > 98% accur-
acy with 1.5 second detection delay. The system extracts correlation features in
time and frequency domains to identify human-induced CSI changes, applies a
duration-based event filter to reject transient noise, and employs self-calibration
using quiet periods to adapt thresholds and select stable antennas. This enables
deployment on embedded devices for practical, whole-day monitoring applica-
tions.

FallDeFi [40] introduces time-frequency analysis to CSI-based fall detection,
addressing limitations of prioir time-domain approaches. Systems like RT-
Fall [55] relied on temporal features that struggle to distinguish falls from similar
activities and are sensitive to environmental changes. FallDeFi applies STFT
to generate spectrograms that reveal characteristics high-frequency, high-energy
fall signatures within 2-3 second intervals. The system employs a Power Burst
Curve-a technique adapted from radar fall detection-to localize high-energy
events as fall candidates, then extracts spectral and temporal features from
these intervals. Sequential forward selection identifies features that maintain dis-
criminative power across multiple environments, rejecting environment-specific
artifacts.

To improve motion duration estimation accuracy, MoSeFi [58] proposed a
device-free and duration estimation robust human motion sensing system using
WiFi signal. Based on the analysis of Mobius transform, MoSeFi constructs a
novel indicator for motion detection using the shape-complementary real and
imaginary parts of CSI, significantly reducing errors under short-window condi-
tions.

Naveed Tahir et al. [52] proposed an unsupervised method for human motion
detection using WiFi signals. The method uses a deep clustering model trained
on appropriately-preprocessed CSI data to detect human motion in the absence
of any ground labels, reducing the training overhead. By removing the need
for labeled training data, this method makes a significant step towards effective
WiF1i sensing deployable in the real world.

Prioritizing low-latency online processing, LightSeg [9] introduced an activity
granularity-aware threshold that quickly adjusts based on the granularity of the
current activity. A threshold post-decision mechanism first detects the end of a
segment and then decides the appropriate threshold based on the most recent
activity.

Taking a fundamentally different approach, Xu Wang et al. [59] proposed
a training-free and environment-independent motion segmentation system that
treats CSI-derived features from an image-processing perspective. They first se-
lect subcarriers based on median variance values, then compute sliding window
variance from CSI ratio data to form a two-dimensional image. To enhance mo-
tion interval homogeneity and address the overlap between dynamic and static
variance values, they employ a novel quasi-envelope derived from prominent
peaks. An iterative segmentation algorithm based on improved Otsu threshold-
ing then accommodates varying motion intensities.
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Supervised and Semi-Supervised Approaches

DeepSeg [62] replaces threshold-based segmentation with a learned CNN classi-
fier. Prior methods used manually tuned amplitude thresholds to detect activity
boundaries, but fine-grained activities (hand gestures) and coarse-grained activ-
ities (walking, running) exhibit vastly different amplitude ranges — a threshold
suitable for one type fails for the other. DeepSeg frames segmentation as clas-
sification, training a CNN to label time bins as one of four states: static, start,
motion, or end. The system incorporates a feedback mechanism where classi-
fication confidence scores guide segmentation refinement: during joint training,
bins that produce high-confidence classifications receive higher weights, encour-
aging the segmentation model to generate boundaries that facilitate accurate
classification. This eliminates manual threshold tuning and handles mixed fine-
and coarse-grained activities within a unified framework.

Shuang Zhou et al. [7I] proposed Wi-Monitor, a system that overcomes the
common assumption in prior WiFi-based activity segmentation methods that
activities are separated by static intervals. Wi-Monitor segments continuous
activities by first fragmentizing CSI streams into fixed-size, non-overlapping
windows. Each window is processed by a convolutional network to extract short-
term activity fragmentation features (AFFs). A temporal convolutional network
(TCN) processes the AFFs to compute activity continuity features (ACFs), cap-
turing long-range dependencies needed to distinguish adjacent activities. To
address over-segmentation, Wi-Monitor introduces a constraint on a learned
segmentation degree, penalizing excessive predicted boundaries. These com-
ponents together form a system for accurate segmentation and recognition of
continuous human activities in realistic, unstructured settings.

Combining adaptive thresholding with graph neural networks, Xiaolong Yang
et al. [66] introduced a window variance comparison method for segmenting mul-
tiple discontinuous human behaviors. Graph structure data is extracted from
the time-frequency features of individual actions, enabling recognition through
graph-based learning.

WiFiTAD [34] addresses WiFi-based activity segmentation through frequency-
aware feature learning and dual pyramid fusion. The architecture employs two
complementary encoder types that capture different aspects of CSI dynamics:
Temporal Signal Semantic Encoders (TSSE) extract semantic information across
entire activity segments, while Local Sensitive Response Encoders (LSRE) cap-
ture fine-grained temporal fluctuations for boundary localization. Each TSSE
operates through two parallel branches to learn high and low-frequency signal
components separately. The low-frequency branch employs a transformer with
a novel Signed Mask-Attention (SMA) mechanism to extract semantic features
that characterize overall activity patterns. LSREs use channel-wise windowing
to compute local maxima and minima, capturing rapid fluctuations indicative
of activity boundaries. The outputs of multiple TSSEs and LSREs are organ-
ized into two feature pyramids at different temporal scales. A Cross-Attention
Pyramid Fusion module aligns and integrates information from both pyram-
ids, combining semantic understanding with precise temporal localization. The
fused features feed into a dual-branch prediction head that simultaneously pre-
dicts activity classes and boundary locations.

Tackling the challenge of segmenting long, continuous wireless sensing data,
SEGALL [69] introduced a learning-based framework using signal-independent
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deep learning coupled with active learning. SEGALL achieves accurate seg-
mentation for fine-grained activities while reducing labeling efforts and handling
interference and signal complexity inherent in wireless sensing.

Clustering-Based Approach from the Video Domain

Unsupervised temporal action segmentation is a well-studied problem in the
video domain, where a rich body of literature explores clustering, self-supervised
learning, and generative approaches applied to dense visual feature sequences
[45] [49, B0]. Video-based methods benefit from decades of representation learn-
ing research and high-dimensional, semantically rich input features, making this
a comparatively mature field. WiFi CSI data is fundamentally different: it is
low-dimensional, dominated by hardware noise and environmental reflections,
and lacks the spatial or texture cues that video representations rely on. Con-
sequently, video-domain approaches are not expected to transfer directly to the
CSI modality. Nevertheless, including a representative video-domain baseline is
valuable to empirically confirm this inapplicability and to provide a reference
point for the gap between the two domains. A comprehensive review of unsu-
pervised video segmentation methods is beyond the scope of this work; we focus
on a single representative approach.

Sarfrax et al. [45] proposed TW-FINCH (Temporally-Weighted FINCH), a
parameter-free, training-free hierarchical clustering algorithm for unsupervised
action segmentation. Built on the FINCH [46] framework, it represents a se-
quence as a directed 1-nearest-neighbor graph and modulates pairwise affinities
by temporal proximity, encouraging clusters that are both semantically con-
sistent and temporally contiguous. In this thesis, TW-FINCH is adapted to
WiFi CSI by treating each CSI frame as a flattened feature vector. Since the
algorithm produces unlabeled clusters, the Hungarian algorithm [29] is used to
find the optimal mapping between cluster indices and ground-truth class labels,
providing the best-case accuracy achievable by the discovered partition.

2.3.2 Datasets for Activity Segmentation

While numerous WiFi sensing papers introduce custom datasets, few provide
publicly available, well-annotated resources suitable for activity analysis. We
distinguish between datasets designed for temporal segmentation tasks — which
require continuous activity streams with frame-level or segment-level bound-
ary annotations — and those designed for isolated activity recognition. The
former category is essential for evaluating segmentation models, while the latter
supports classification but cannot be directly applied to segmentation without
additional processing.

Segmentation-Suitable Datasets
Several publicly available datasets provide continuous activity streams with tem-

poral annotations, making them suitable for segmentation tasks.

DeepSeg Dataset DeepSeg [62] published a CSI-based activity dataset as
part of their deep learning-based segmentation frameworkE The dataset in-

Thttps://github.com/ChunjingXiao/DeepSeg
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cludes five subjects performing ten activities (five fine-grained and five coarse-
grained) with static intervals between activity segments. Activities were cap-
tured using commodity WiFi hardware with one transmit antenna and three
receive antennas at 50 Hz sampling rate across 30 subcarriers.

WiFiTAD Dataset The WiFiTAD dataset, introduced alongside the WiF-
iTAD model [34], contains CSI recordings of three subjects performing seven
activities in one environmentﬂ Activities were performed with static intervals
between segments. The dataset employs a single transmit and receive antenna
configuration, sampling at 100 Hz across 30 subcarriers.

MM-Fi Dataset MDM-Fi [65] is a multi-modal human activity dataset that in-
cludes RGB frames, depth frames, LIDAR point clouds, mmWave radar points,
and WiFi CSI dataﬂ The dataset features 40 subjects performing 27 activities,
including 14 daily actions and 13 clinically-suggested rehabilitation exercises.
Participants performed repetitions of each activity continuously. The authors
developed a customized platform based on the Robot Operating System (ROS)
to capture and synchronize data from multiple sensors, enabling accurate tem-
poral annotation. CSI was captured at 1000 Hz (downsampled to 10 Hz for
multi-modal synchronization) using one transmit antenna and three receive an-
tennas across 114 subcarriers.

Wi-Monitor Dataset As part of the Wi-Monitor system, Zhou et al. [T1] cre-
ated a CSl-based activity dataset featuring five subjects performing ten activ-
ities across three environmentsﬁ The dataset includes both fine-grained and
coarse-grained activities performed continuously. The authors synchronized CSI
streams with video recordings for temporal annotations, although they do not
mention how the synchronization is performed. Data was captured using one
transmit antenna and three receive antennas at 100 Hz sampling rate across
30 subcarriers. The released data is preprocessed: the paper describes prepro-
cessing steps including antenna conjugation and Butterworth filtering, but these
steps are absent from the released code, indicating that the distributed data is
already in a processed form rather than raw CSI.

2.3.3 Recognition-Focused Datasets

Several other publicly available CSI datasets focus primarily on isolated activity
recognition rather than temporal segmentation. These datasets provide pre-
segmented activity instances rather than continuous streams with temporal
boundaries. Notable examples used in WiFi sensing evaluations include UT-
HAR [67] developed to evaluate recent advancements in human activity recog-
nition systems, EfficientFi [64] focusing on CSI compression and recognition
efficiency, and CAUTION [53], which contains walking gaits from 14 subjects
for gait-based human identification. While such datasets can theoretically be
used to reconstruct longer sequences by concatenating different activities, this
would introduce artificial boundaries that are unnatural and thus possibly easier

2https://github.com/AVC2-UESTC/WiFiTAD
3https://github.com/ybhbingo/MMFi_dataset
4https://github.com/zs-zhoushuang/Wi-Monitor
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to detect than realistic transitions. Consequently, these datasets are not suitable
for the segmentation tasks considered in this thesis.

2.3.4 Research Gap

The surveyed literature reveals significant progress in CSI-based activity seg-
mentation methods, ranging from unsupervised motion detection to supervised
temporal action segmentation with continuous activity recognition. However,
several critical gaps remain in the dataset infrastructure needed to rigorously
evaluate these approaches.

Current CSI-based activity datasets exhibit several limitations that hinder
systematic segmentation evaluation. Imprecise annotations resulting from
manual video labeling provide only moderate temporal precision (+33-100 ms)
with inherent subjectivity; hardware and software delays may further offset la-
beling times from true activity boundaries. Artificial patterns introduced
by static intervals between activities and predictable activity sequences create
unrealistic transition patterns that do not reflect real-world sensing scenarios.
Class imbalance stemming from unequal activity durations and occurrence
counts biases model evaluation toward overrepresented activities. Moderate
sampling rates of 50-100 Hz may miss fine-grained temporal dynamics, partic-
ularly limiting downstream applications such as Doppler processing that require
high temporal resolution. Finally, intransparent preprocessing in some re-
leased datasets limits usability; preprocessing steps are often not fully specified
due to unreleased code, making it difficult to reproduce or adapt data for spe-
cific applications. Beyond infrastructure, existing methods do not address the
sensitivity of learned CSI representations to the subject’s position in the room
— a fundamental challenge for generalization across recording sessions that no
existing dataset is designed to expose.

These gaps motivate the contributions of this thesis, described in Chapter [3]
through Chapter
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Chapter 3

Dataset Design and Data
Collection

This chapter presents WiPos (WiFi Positional activity segmentation dataset),
a multimodal dataset designed to address the annotation precision and spatial-
diversity limitations of existing CSI datasets. Section gives an overview
of the dataset composition, design goals, and intended use cases. Section
describes the recording environment and hardware. Section presents the
motion-capture-based annotation methodology. Section describes the data
format. Sections[3.7 and 3.8 describe derivative datasets generated from WiPos.

3.1 Description

This section provides a detailed overview of the WiPos dataset, including its
composition, intended use cases, and design rationale.

3.1.1 Motivation and Design Goals

As identified in Section [2.3.4] existing CSI datasets lack annotation precision,
enforce artificial activity transitions, and suffer from class imbalance. We design
WiPos to address these limitations directly. Our primary objectives are to:

e Provide millisecond-precision by using high-rate motion capture data
(960 Hz) as the annotation reference, achieving temporal precision far
beyond what video-based labeling can offer.

e Capture continuous activity streams without artificial static intervals, re-
flecting realistic deployment scenarios where activities transition naturally.

e Ensure balanced activity representation to prevent models from exploiting
class imbalance and to support both segmentation and recognition tasks.

e Include diverse activity granularities — from coarse-grained full-body mo-
tions to fine-grained localized movements — to evaluate segmentation
across difficulty levels.
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e Capture high-rate CSI measurements (1000 Hz) with constant rate,
equidistant sampling to preserve fine-grained temporal dynamics and sup-
port signal processing techniques such as STFT-based Doppler spectro-
grams.

e Provide multi-modal synchronized data (CSI, motion capture, video) to
enable interpretability analysis and multi-modal research.

e Ensure spatial diversity through multiple receive chains, providing comple-
mentary views of activity-induced channel changes from different vantage
points and enabling multi-antenna processing techniques.

These design goals translate into specific requirements for data collection:
precise multi-sensor synchronization, randomized activity sequencing to prevent
temporal pattern exploitation, controlled duration sampling to achieve class
balance, and a recording protocol that produces continuous activity streams
with natural transitions.

3.1.2 Dataset Composition

We record a multi-modal dataset of human activities performed by one sub-
ject in a controlled laboratory environment. The activity set consists of ten
distinct activities spanning a range of motion characteristics and granularity
levels: stand, walk, Tun, jumping jack, jump, squat, raising left arm, raising left
foot, stirring a pot, and boxing. The subject is not constrained to a fixed position
throughout the recording; activities such as walking and running produce spa-
tial displacement across the room, and subsequent fixed-position activities (e.g.,
stirring a pot, raising arms) are performed at wherever the subject happens to
stop, introducing realistic positional variation throughout the dataset.

To ensure balanced activity representation while maintaining natural variab-
ility, we employ a constrained randomized sampling strategy. For each activity
instance, we randomly sample the duration between 3 and 10 seconds, reflecting
realistic variability in activity execution. We randomize both the order and dur-
ation of activities across recording sessions to prevent models from exploiting
artificial temporal patterns that would not exist in real-world deployments.

We capture three synchronized modalities for each recording session:

e Channel State Information (CSI): We record WiFi CSI measurements
at 1000 Hz, providing fine-grained wireless signal data with millisecond-
scale temporal resolution for activity segmentation.

e Motion Capture Data: We capture optical motion capture at 960 Hz,
recording precise 3D positions of body markers throughout activity exe-
cution. This modality serves as the objective ground truth for temporal
segmentation labels.

e Video Recordings: We record video at 30 fps, providing visual context
for validation and qualitative analysis.

The motion capture modality serves as the authoritative ground-truth source
for temporal labels, enabling millisecond-scale annotation precision as described
in Section
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3.1.3 Intended Use Cases

We design this dataset to support the following research use cases:

e CSI-Based Activity Segmentation: The primary intended use case
is developing and rigorously evaluating temporal activity segmentation
models using WiFi CSI. The high-rate CSI measurements, combined with
millisecond-precision temporal annotations derived from motion capture,
enable evaluation of segmentation models under realistic conditions with
continuous activity streams and natural transitions. The randomized
activity order, duration, and balanced class representation make the data-
set particularly suitable for assessing model robustness and generalization
capabilities.

e Human Activity Recognition With the dataset being balanced and
having annotated segments, it can easily be transformed into a classical
HAR dataset, and we provide scripts to do so. As such, it is strictly more
general than existing HAR datasets.

e Localization Prior datasets contain position mostly in the sense of a
discrete grid. Through the synchronized motion capture modality, we
capture more general body positioning as the subject moves throughout
the room. This allows for the dataset to be used for localization, i.e. to
develop methods that would determine the subject’s position from CSI.

e Interpretability and Visualization: Researchers can use motion cap-
ture and video data to understand which body movements correspond to
specific CSI patterns, aiding model interpretability and providing insights
into the physical basis of CSI-based sensing.

e Ground Truth Validation: The motion capture modality provides an
objective reference for evaluating annotation methods, comparing labeling
modalities, or validating alternative ground truth sources.

By providing transparent, multi-modal data with high temporal resolution
and precise annotations, this dataset aims to advance the state of the art in WiFi
sensing research and enable more rigorous, reproducible evaluation of activity
segmentation approaches.

3.2 Recording Environment and Hardware Setup

This section describes the physical recording environment, hardware compon-
ents, and experimental setup used for data collection. The setup is designed
to capture synchronized multi-modal data with high temporal resolution and
precise spatial tracking.

3.2.1 Recording Environment

Data collection was conducted in a controlled laboratory environment measuring
approximately 6 x 6 meters. The space was configured to accommodate the WiFi
sensing equipment, motion capture system, and subject movement area, shown
in Figure Figures and show the recording environment from two
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different perspectives, illustrating the placement of all hardware components
around the perimeter of the space.

(b) ASUS receivers side

Figure 3.1: Recording environment from two perspectives. (a) View show-
ing the USRP transmitter (highlighted in blue) positioned on a desk with
PhaseSpace motion capture cameras (highlighted in red) mounted on the truss
structure. (b) View showing the three ASUS receivers (highlighted in yellow)
mounted on the truss structure with their antenna arrays and PhaseSpace mo-
tion capture cameras (highlighted in red).

3.2.2 WiFi CSI Capture System

The WiFi CSI capture system comprises a software-defined radio transmitter
and three commercial WiFi receivers operating in a coordinated configuration.
Figure [3.2| shows the main hardware components.

Transmitter A National Instruments USRP-2954R serves as the WiF1i trans-
mitter, equipped with a single omnidirectional antenna. The USRP transmits
IEEE 802.11ac VHT frames at a precise rate of 1000 Hz on channel 157 (5.785
GHz). WiFi frames are generated using the MATLAB WLAN Toolbox and
transmitted on a 40 MHz channel, providing 114 usable subcarriers per antenna
pair.

The transmitter operates with a gain of 30 dB, ensuring sufficient signal
strength throughout the recording area. Two critical timing mechanisms ensure
precise CSI capture: first, we implement custom synchronization code in the
usrpulse framework [39] that synchronizes USRP transmission starts to within
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(b) ASUS receiver with
(a) NI USRP-2954R four antennas (2 cm (c) Antenna indexing for
with one antenna and apart) and four LED the ASUS RT-AC86U re-
two LED markers. markers. ceiver.

Figure 3.2: WiFi CSI capture hardware. (a) NI USRP-2954R transmitter. (b)
ASUS RT-AC86U receiver with custom antenna mount. (c) Antenna indices as
they appear in the CSI data. The physical holder positions antennas left-to-
right as 1, 3, 0, 2; the router port order (left-to-right) is 1, 3, 2, 0.

a millisecond of desired times. Second, the 1000 Hz transmission rate is achieved
with sample-accurate timing by explicitly transmitting zero-valued IQ samples
during idle periods between frames, rather than relying on operating system
sleep functions. This ensures the frame rate is exact within the USRP’s clock
accuracy, which does not drift significantly over the short recording durations in
the WiPos dataset. This deterministic, equidistant sampling spacing is critical
for downstream applications that rely on uniform temporal sampling, such as
Doppler-based motion analysis.

Two active LED markers from the motion capture system are mounted to the
USRP housing (see Figure , enabling precise tracking of the transmitter’s
spatial position throughout recordings.

Receivers Three ASUS RT-AC86U commercial WiFi routers serve as CSI
receivers. Each router is equipped with four antennas, one of which is internal
and was exposed through hardware modifications performed specifically for this
setup. The four antennas on each router are mounted on custom 3D-printed
mounts designed for this thesis, maintaining a uniform spacing of 2 cm between
adjacent antennas.

The three receivers are mounted on adjustable arms attached to a truss struc-
ture. Figure shows one receiver with its antenna array and mounted LED
markers. Each receiver has four LED markers attached to track its spatial
position precisely. Detailed spatial placement of the receivers relative to the
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transmitter and movement area is described in Section 3.2.6

All antennas have a physical height of 19.5 ¢cm, providing consistent radiation
patterns throughout the sensing area. The antenna indexing scheme — determ-
ining the antenna dimension ordering in all CSI data — is shown in Figure[3.2¢

Due to timestamp inaccuracies in the ASUS routers’ NTP client and non-
deterministic CSI extraction timing in Nexmon-CSI [48] (the open-source firm-
ware patch used to enable CSI extraction on the ASUS routers), frame reception
times are determined by matching received frame sequence numbers (incremen-
ted sequentially at the transmitter) to known USRP transmit times, as detailed
in Section [3.4] This approach ensures precise alignment of CSI measurements
with ground truth capture data.

Data Quality Control To ensure the data quality, the capture system mon-
itors packet reception rate at each receiver. Recordings where any receiver cap-
tures less than 90% of transmitted frames are flagged for recapture to ensure
complete CSI coverage across all devices.

3.2.3 Motion Capture System

The motion capture system employs a PhaseSpace Impulse X2E optical tracking
system consisting of 16 high-speed cameras capturing at 960 frames per second.
This frame rate closely matches the WiFi CSI sampling rate, enabling precise
temporal alignment between modalities. The cameras are positioned around the
perimeter of the recording area at various heights to provide complete coverage
of the movement space with minimal occlusion. Camera placement details are
presented in Section and Figure [3.5

Active LED markers are placed on a full-body motion capture suit worn by
the subject during recording sessions. A total of 64 markers are distributed
across the head, torso, arms, and legs, providing comprehensive coverage of
body movements. Figures and [3:3D] shows photographs of the marker-
equipped suit from front and back views, while Figures and present
a schematic diagram with numerical identifiers for each marker position. The
complete mapping between marker identifiers (0-63) and their anatomical labels
is provided in Table The high-density marker configuration enables detailed
tracking of body movements and provides sufficient information to detect subtle
activity transitions.

In addition to body markers, LED markers are attached to all WiFi hard-
ware components: two markers on other USRP transmitter and four mark-
ers on each of the three receivers (see Figures and . Tracking the
WiF1i device positions allows precise knowledge of the wireless propagation geo-
metry, enabling potential future analysis correlating body position relative to
transmitter-receiver paths with observed CSI patterns.

Before a recording session, the motion capture system undergoes calibration
and alignment, setting the position and orientation of the cameras and the
orientation of the floor, to ensure accurate 3D position tracking of all markers.

3.2.4 Video Capture System

We capture synchronized video using a Samsung Galaxy S25 smartphone with
the wide-angle camera lens, recording at 720p resolution and 30 frames per
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(c) Marker locations (front). (d) Marker locations (back).

Figure 3.3: Motion capture body suit with 64 active LED markers (a,b) and
the corresponding marker locations on the abstract model (c¢,d). The labeling
scheme of the markers can be found in Table
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second. While this frame rate is lower than the CSI and motion capture sampling
rates, it provides sufficient visual context for qualitative validation and human
review of activity execution.

We connect the smartphone to the main host PC via USB cable and run
a custom-developed camera application [50] on it. This application enables
the host to remotely control video recording with precise timing: the host can
command the phone to start and stop recording at an exact specified time,
ensuring temporal alignment with the other data modalities. Upon completion
of recording, the application automatically transfers the video file from the
phone to the main host PC via the USB connection, streamlining the data
collection workflow.

We record video at 30 fps to provide visual reference for data inspection
and validation. We achieve temporal synchronization with the high-rate CSI
and motion capture streams is achieved through a hardware LED-based visual
timestamp mechanism, as detailed in Section [3.4}

3.2.5 Network and Orchestration Infrastructure

The multi-modal data capture system requires coordination of multiple hard-
ware components operating at different computers. The infrastructure is organ-
ized as follows:

e Main Host PC: Serves as the orchestration controller, managing overall
capture process and directly interfacing with the ASUS receivers via wired
Ethernet connections.

e USRP Control PC: Runs a custom application that controls the USRP
transmission, enabling the main host to trigger frame transmission re-
motely.

e Motion Capture Server: A dedicated system manages the PhaseSpace
motion capture cameras and streams marker position data to the main
host.

e Video Capture Device: The Samsung S25 smartphone records video
with hardware-synchronized LED timing signals.

We synchronize all networked devices using the Network Time Protocol
(NTP), with the main host PC serving as the ground truth time reference. This
ensures consistent timestamps across all data streams, facilitating subsequent
temporal alignment during post-processing.

We developed a custom graphical user interface (GUI) application [51] to con-
figure and coordinate all capture modalities from a single control point. The GUI
allows operators to start and stop synchronized recordings across CSI, motion
capture, and video systems simultaneously, load predefined activity sequences,
and provide real-time instructions to the subject, guiding them through which
activities to perform and when to transition between them. This streamlines the
data collection workflow, ensures consistent protocol execution, and minimizes
human error.
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3.2.6 Spatial Configuration

Figure presents a top-down view of the recording environment, illustrating
all hardware components and defining the subject movement area. The spatial
arrangement is carefully designed to balance WiFi signal coverage, motion cap-
ture visibility, and realistic activity execution space. Table summarizes the
key spatial parameters.
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Figure 3.4: Floorplan of the recording environment showing the USRP trans-
mitter (TX), three ASUS receivers (R1, R2, R3), 16 PhaseSpace motion capture
cameras (C1-C16), and the 3.5 m x 3.5 m subject movement area (shaded re-
gion).

Motion Capture Camera Arrangement As illustrated in Figure the
cameras are positioned to provide overlapping fields of view converging on the
center of the recording environment. This arrangement ensures complete cov-
erage of the subject movement area from multiple viewing angles, minimizing
occlusion and maximizing tracking reliability. The PhaseSpace system requires
each LED marker to be visible to at least three cameras simultaneously to accur-
ately triangulate its 3D position. The camera placement was optimized during
setup to satisfy this constraint throughout the entire movement area.

Video Camera Placement The video camera is positioned at the side of the
recording environment, providing a lateral view of the subject during activity
execution. The camera placement ensures the synchronization LED is visible in
the frame while capturing the full movement area.
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Table 3.1: Summary of spatial configuration parameters.

Parameter Value

Recording environment dimensions 6 m x 6 m

Subject movement area 3.50m x 3.5m
Transmitter height 1.0 m
Receiver height 1.2 m
Transmitter-to-receiver distance 5.0 m
Receiver spacing 3.0 m
Receiver antenna spacing 2 cm

Motion capture cameras 16

Motion capture camera heights 2.0-3.0 m
Minimum cameras per marker 3

Figure 3.5: PhaseSpace motion capture camera positions and viewing angle.

Spatial Considerations for WiFi Sensing The spatial configuration influ-
ences the wireless propagation environment and consequently the observed CSI
patterns. The three receivers provide diversity in signal paths: movements closer
to one receiver affect its CSI more strongly than distant receivers, enabling spa-
tial localization information to be encoded in the multi-receiver measurements.
The 5 m transmitter-receiver separation ensures rich multipath propagation, as
signals reflect off walls, furniture, and the subject’s body before reaching the
receivers. The placement of WiFi devices at torso height (1.0-1.2 m) maximizes
sensitivity to human body movements, as this region experiences the greatest
propagation path disruption during most activities.
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3.3 Data Collection Campaign Design

This section describes the design and execution of the data collection cam-
paign, including the activity vocabulary, randomization strategy, spatial di-
versity mechanism, and recording workflow.

Choice of Activities The dataset comprises ten distinct activities spanning
a range of motion characteristics and complexity levels: stand, walk, run, squat,
jump, jumping jack, raise left arm, raise left foot, stir pot, box. This activity
set includes both coarse-grained full-body motions that produce strong CSI
variations across multiple subcarriers, and fine-grained localized movements that
generate more subtle signal disturbances, enabling evaluation of segmentation
models across varying levels of motion intensity and spatial extent.

Randomization To prevent machine learning models from exploiting artifi-
cial patterns or temporal regularities, a custom activity generation script creates
randomized activity sequences for each recording session. Each recording ses-
sion spans approximately 60 seconds, with individual activities assigned random
durations between 3 and 10 seconds drawn from a uniform distribution. This
duration range balances several considerations: durations shorter than 3 seconds
are challenging for subjects to execute consistently and may not provide suffi-
cient samples for model training, while durations longer than 10 seconds would
reduce the number of activity transitions per recording, limiting the dataset’s
utility for segmentation tasks. Activity ordering is randomized across recording
sessions, eliminating systematic temporal patterns (e.g., "walk always follows
stand”) that could be exploited by models. By randomizing both activity order
and duration, the dataset reflects realistic variability in human behavior and
ensures that segmentation models must rely on CSI signal characteristics rather
than dataset-specific biases.

Spatial Diversity and Recording Locations To prevent models from over-
fitting to location-specific CSI patterns, activities are performed at varied pos-
itions within the recording space. Sixteen floor markers are arranged in a grid,
and for each recording session, a line of four markers is selected. Dynamic
activities are performed along the four-cross line, while static are executed at
individual markers within the selected line. This spatial variation introduces
diversity in multipath propagation characteristics — different positions relative
to transmitter and receiver produce distinct path lengths and reflection pat-
terns — ensuring models must generalize across spatial contexts rather than
memorizing location-specific artifacts.

Workflow and Execution Data collection follows a standardized workflow
facilitated by a custom graphical user interface (GUI) application that coordin-
ates all capture modalities from a single control point. Each session follows this
procedure: (1) motion capture calibration, (2) activity sequence loading into
the GUI, (3) subject preparation and positioning at the starting floor marker,
(4) pre-recording countdown displaying the first activity and duration, (5) syn-
chronized data capture across CSI, motion capture, and video for approximately
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60 seconds, (6) automatic data transfer and storage, and (7) quality verification
with re-recording if necessary.

During recording, the GUI provides real-time visual cues to guide the subject:
the current activity name and remaining time are displayed, with a preview of
the next activity shown at the bottom of the screen. This enables subjects
to execute the prescribed sequence accurately without external verbal cues.
Subjects immediately begin the next activity when the current one ends, without
deliberate pauses. This creates realistic segmentation challenges with ambiguous
boundary regions, reflecting the continuous nature of human motion in real-
world scenarios.

Activities are performed orthogonal to the transmitter-receiver line-of-sight
when possible to maximize multipath effects. For repetitive activities (jump,
Jumping jack, squat, raise left arm, raise left foot, box, and stir pot), subjects
perform approximately one repetition per second. For locomotion (walk and
run), subjects maintain a consistent comfortable pace across all sessions.

The protocol intentionally limits variability within individual activity in-
stances to maintain clear activity signatures — excessive intra-activity variabil-
ity (e.g., changing walking speed mid-activity) would create ambiguous ground
truth labels. Instead, variability is introduced through randomized sequences
and spatial positioning diversity. This balance ensures the dataset is both chal-
lenging and tractable for segmentation model development.

3.4 Data Synchronization and Alignment

Precise temporal alignment across CSI, motion capture, and video data is crit-
ical for generating accurate ground truth annotations and enabling multi-modal
analysis. We achieve synchronization through a combination of NTP, RTT-
based clock offset correction, and a hardware-based visual reference signal.

All networked devices — the USRP control PC, motion capture server, and
ASUS receivers — synchronize their clocks to the main host PC using NTP,
establishing a common time reference across the data acquisition infrastruc-
ture. The ESP32-S3, however, connects to the main host over a UART link
rather than the network; for this device we use a custom RTT-based clock offset
correction protocol instead. The UART round-trip latency is sub-millisecond,
enabling sub-millisecond synchronization accuracy. We re-run this correction
immediately before every important command to actively combat clock drift
between corrections. Separately, we apply an RTT-based offset correction to
synchronize the USRP local clock to its attached PC, ensuring that USRP
transmit times are accurately tied to the main host time reference. The video
camera does not participate in any of these schemes, necessitating the alternat-
ive approach described below.

Hardware Reference Signal To synchronize the video stream, we employ
an ESP32-S3 microcontroller running custom firmware [41] with an attached
LED positioned within the camera’s field of view. As described above, we
re-synchronize the ESP32-S3 to the main host via RTT-based correction imme-
diately before each recording to minimize accumulated clock drift. At the pre-
cise recording start time, the ESP32-S3 illuminates the LED, creating a visual
timestamp that anchors the video stream to the main host time reference.
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Coordinated Recording Start At the start of each recording session, the
main host PC broadcasts a start command containing a Unix epoch timestamp
with microsecond precision. This timestamp specifies the exact future moment
when all systems should initiate data capture. The USRP begins transmission,
CSI receivers start logging, motion capture begins frame acquisition, and ESP32-
S3 triggers the LED — all at this scheduled time. The video camera receives
a start command slightly in advance to account for its activation latency and
unsynchronized clock, ensuring it is recording when the LED illuminates.

Timestamp Representation Each modality records native timestamps for
its data:

e CSI: Each CSI measurement nominally includes a timestamp from the
ASUS receiver, recorded at packet reception time. However, as noted
in Section these timestamps are unreliable due to ASUS NTP client
inaccuracies and non-deterministic Nexmon-CSI extraction timing. We
therefore discard them and instead derive each frame’s time by matching
its received sequence number to the corresponding USRP transmit time.

e Motion Capture: Each frame includes an NTP-synchronized timestamp
from the PhaseSpace system, corresponding to the frame capture instant.

e Video: The LED turn-on frame is aligned to the recording start time,
and subsequent frames are timestamped based on 30 fps frame rate.

All timestamps use Unix epoch time in microseconds, providing a unified
temporal representation that enables direct alignment and correlation across
modalities during post-processing.

Synchronization Accuracy The combination of NTP for networked devices,
RTT-based correction for the ESP32-S3 and USRP, and the hardware LED
reference achieves sub-millisecond to millisecond temporal alignment accuracy
across modalities. This precision is sufficient for activity segmentation tasks,
where activities last 3-10 seconds and temporal features of interest — such
as motion onsets and activity transitions — occur on a timescale of tens to
hundreds of milliseconds. The synchronization accuracy enables frame-level
correspondence between modalities.

3.5 Labeling Methodology

Accurate temporal labels for CSI data are generated using motion capture meas-
urements as ground truth, achieving millisecond-scale annotation precision. A
human annotator walks through the recorded sequence and identifies the most
appropriate transition points between activities based on the high-rate motion
trajectories. The video camera is not actively used in the labeling process,
though its recording is displayed in the labeling tool to provide qualitative veri-
fication that activities were performed correctly.
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3.5.1 Custom Annotation Tool

A custom software application [51] was developed to streamline the labeling
process (see Figure [3.6). The tool provides:

e 3D visualization of motion capture marker positions for playback and in-
spection

e Boundary marking functionality that records exact motion capture frame
timestamps

e Activity label assignment for each segment

e Automated CSI label propagation by matching motion capture timestamps
to the nearest CSI timestamps (< 1 ms error)

Upon saving annotations, labels are automatically transferred to the CSI data,
producing frame-level activity labels ready for model training.

Figure 3.6: Custom annotation tool interface showing 3D motion capture visu-
alization, controls to mark activity boundaries and fill in activity labels. Annot-
ators can play back recordings, place temporal markers at activity boundaries,
and assign activity labels, which are automatically propagated to the CSI data
upon saving.

3.5.2 Output Format
The annotation process produces:
e Activity boundary timestamps (Unix epoch microseconds)
e Activity labels for each segment
e Frame-level label sequences aligned with CSI measurements (1000 Hz)

After annotation, the data is ready for direct use in training and evaluating
segmentation models.
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3.6 Dataset Format and Structure

This section describes the file formats and organization of the dataset, facilitat-
ing reproducibility and enabling other researchers to utilize the data effectively.

The dataset is organized hierarchically by recording session. Each session
directory contains all modalities of a single 60-second recording:

dataset/

— session_01/
csi.parquet
meta.parquet
labels.parquet
markers.c3d
markers.parquet
video_phone.mp4

— session_002/

Table summarizes the files in each session directory.

Table 3.2: Files contained in each session directory.

File Format Contents

csi.parquet Parquet 1000 Hz CSI measurements (all antennas and
subcarriers)

meta.parquet Parquet  Recording parameters (bandwidth,

timestamps, frame count)

labels.parquet Parquet  Frame-level activity labels aligned to CSI
timestamps

markers.c3d C3D 960 Hz motion capture marker positions
(standard format)

markers.parquet Parquet Same marker data for programmatic access

video_phone.mp4 MP4 Synchronized video at 720p, 30 fps (H.264)

3.7 Activity Recognition and Localization Data-
set Generation

While the primary purpose of our motion capture system is to provide frame-
accurate activity boundaries for temporal segmentation (as described in Sec-
tion , the PhaseSpace optical tracking system captures continuous 3D pos-
itional data at 960 Hz throughout all recording sessions. This position inform-
ation enables the generation of additional labels beyond temporal boundaries
allowing us to demonstrate the versatility of our data collection infrastructure.

In this section, we describe the generation of a derivative dataset for joint hu-
man activity recognition (HAR) and indoor localization, following the
paradigm introduced by the ARIL model [54]. This derivative dataset assigns
each activity window both an activity class label and a discrete floor-plan pos-
ition label, enabling simultaneous classification of “what” the subject is doing
and “where” they are located.
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3.7.1 Motivation
The creation of this derivative dataset serves three purposes:

1. Demonstrating motion capture versatility: By extracting position
labels from the same PhaseSpace recordings used for temporal segment-
ation, we show that the motion capture system enables multiple applica-
tions.

2. Label quality validation: Successfully training a localization model
provides independent evidence that our motion capture labels are spatially
and temporally accurate.

3. Exploring cross-session generalization: The ARIL-style task allows
us to investigate how well WiFi CSI features generalize across different
recording sessions; a key challenge for real-world deployment.

3.7.2 Floor-Plan Grid Discretization

The recording space is divided into a 4 x 4 grid of 16 discrete floor positions,
Figure [3.7] shows the layout.
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Figure 3.7: Floor-plan grid discretization. The recording space is divided into
16 positions.

Each recording session covers a single row or column of the grid (the subject
walks along one line and performs activities at four positions), rather than all
16 positions. This constraint is enforced during label assignment to achieve
a balanced usage of each position, and it prevents cross-line misclassifications
caused by coordinate drift between sessions.

3.7.3 Position Label Generation Pipeline

Generating consistent position labels from PhaseSpace motion data presents
several challenges:

e Marker dropout: Individual markers are occasionally occluded, produ-
cing missing data.
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e Coordinate drift: The PhaseSpace system requires periodic recalibra-
tion between recording sessions, potentially shifting the absolute XZ co-
ordinates.

e Per-recording quantization errors: Noise in the averaged position can
cause windows to be quantized to adjacent grid cells.

We address these challenges through a multi-stage pipeline:

Stage 1: Marker Selection and Preprocessing

For each activity window, we compute the subject’s floor-plan position from
a body-center marker set comprising 16 markers on the torso, back, neck,
shoulders, and hips. Arms and legs are excluded to ensure the position estimate
reflects center-of-mass rather than gesture or footstep locations.

The following preprocessing steps are applied per marker per window:

1. Dropout detection: Markers producing all-zero coordinates in > 10%
of frames are excluded. At least 3 markers are always retained.

2. Gap interpolation: Missing data runs (< 960 frames per second) are
linearly interpolated. Longer gaps are left as NaN.

3. Outlier removal: Values exceeding 5 x IQR from the median on any axis
are replaced via interpolation.

4. Per-frame averaging: Valid markers are averaged in 3D per frame;
frames with fewer than 2 valid markers are discarded.

5. Median smoothing: A kernel-5 median filter suppresses residual per-
frame jumps.

6. Floor-plane projection: The Y-axis (height) is discarded; only X and
7 coordinates are retained.
Stage 2: Per-Line Calibration

The recordings contain T-pose activities at the start, and for a subset of these
recordings the grid position of the T-pose activity is manually annotated for cal-
ibration. For each row or column, we extract the median XZ positions observed
during T-pose windows and map them to the known grid nodes, establishing a
spatial calibration for that line. This calibration is reused for all other recordings
on the same line.

Stage 3: Initial Label Assignment

For each activity window in each recording:
1. Compute the median torso XZ position across all frames in the window.

2. Quantize the position to one of the 4 grid cells on the recording’s annotated
row or column using the line calibration.

3. Store the discrete position label (0-15) and the raw XZ coordinates.
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Walking and running activities are excluded because subjects traverse mul-
tiple grid cells during these activities, making it impossible to assign a single
position label. The T-Pose activity is also excluded, as this was performed for
calibration purposes, not the actual dataset.

Stage 4: Global KMeans Correction

After all recordings are processed, residual quantization errors remain due to
noise and drift. We apply a global correction:

1. Collect all raw XZ coordinates (x, z) across all windows from all recordings.
2. Fit KMeans with k& = 16 clusters.
3. Relabel each window with the index of its nearest cluster centroid.

4. Sort cluster centroids into row-major order.

This step step corrects ~67% of the 5,749 windows in the full dataset, signi-
ficantly improving spatial consistency.

Figure [3.8] shows the final distribution of windows in XZ space, colored by
corrected position label.

Position map - 16 active positions, 5749 windows
(actual mocap floor-plane XZ; colour = assigned position label; x = cluster centroid)
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Figure 3.8: Scatter plot of all activity windows in floor-plane (XZ) coordinates,

colored by final position label after global KMeans correction. The 16 clusters
correspond to the grid cells in Figure 3.7}
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3.7.4 Dataset Statistics

The resulting activity recognition and localization dataset comprises 5,479 activ-
ity windows extracted from 110 recording sessions. Table summarizes the
key properties.

Table 3.3: Activity recognition and localization dataset statistics

Property Value

Total windows 5,749
Recording sessions 110
CSI input shape (224, 700)
4 antennas X 56 subcarriers x 700 time-steps
Activity classes 8
Position classes 16
Activities excluded Walking, Running

Each window is represented by:

e CSI amplitude: Shape (224,700), derived from 4 antennas x 56 subcar-
riers sampled at 700 time-steps per window.

e Activity label: Integer in range 0-7.

e Position label: Integer in range 0-15 corresponding to the floor-plan
grid cell.

e Session ID: Recording session number, used for cross-session evaluation
splits.

3.7.5 Summary

By leveraging the continuous 3D tracking capabilities of our PhaseSpace motion
capture system, we have generated a derivative dataset suitable for joint activity
recognition and indoor localization. The multi-stage position labeling pipeline
addresses marker dropout, coordinate drift, and quantization errors through pre-
processing, per-line calibration, and global clustering correction. This demon-
strates that our data collection infrastructure supports multiple downstream
tasks beyond the temporal segmentation problem. Experimental results using
this dataset are presented in Section [6.3]

3.8 Doppler Temporal Segmentation Datasets

The WiPos dataset provides continuous, motion-capture-labeled recordings with
raw CSI amplitude at 1000 Hz across three receivers. Section derived a
windowed HAR and localization dataset from these recordings, representing
each fixed-length activity window as a raw CSI amplitude snapshot with a single
activity label and a discrete floor-plan position label

We construct a different kind of derivative dataset, targeting temporal activ-
ity segmentation. Two differences set it apart. First, the task requires the full
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continuous label stream rather than isolated window classifications. Second, raw
CSI amplitude is position-dependent: it encodes the static multipath channel
structure, which shifts as the subject moves to different locations across record-
ing sessions. To reduce this sensitivity, the datasets described here replace raw
amplitude with Doppler features derived from the temporal conjugate product of
consecutive complex CSI samples. Because Doppler features are computed from
the difference between consecutive samples, they suppress the static channel
contributions (LOS path, wall reflections) that dominate the raw channel and
are strongly position-dependent. The remaining dynamic component reflects
changes in the active reflection paths, which depend primarily on how body
parts move relative to the receiver geometry rather than on absolute position.
At a constant orientation with respect to the LOS axis, motion-induced path
changes are therefore less sensitive to where in the room the subject stands: a
change in subject orientation alters the dominant reflection geometry and shifts
the feature distribution. The practical benefit is that recurring motion patterns,
such as cyclical gestures, produce more consistent Doppler signatures across loc-
ations than raw amplitude, which undergoes near-noise-level fading as the static
channel shifts with position. These Doppler datasets serve as the training and
evaluation data for DopplerTAS (Chapter [5)), and are provided in two variants
derived from the same WiPos recordings: a three-receiver (3RX) dataset and a
one-receiver (1RX) subset used for the ablation study in Section

3.8.1 Doppler Feature Extraction

Physical motivation. As described in Section[2.1] the received signal on sub-
carrier k is a superposition of contributions from multiple propagation paths (see
Eq. and the measured phase (see Eq. [2.3). Each path i contributes a phase
term ¢; 1 (t) o< 7 (t), where 7;(t) is the propagation delay of that path. When
a moving object shifts the reflector along path 4, the delay 7;(t) changes over
time, and the corresponding phase ¢; 1 (t) increases or decreases continuously.

A phase that increases linearly with time is equivalent to a constant frequency
offset. In the context of wave propagation, such a constant frequency offset
is mathematically equivalent to a Doppler shift — even though physically it
arises from the superposition of many scattered paths rather than from a single
point reflector moving at a well-defined radial velocity. Because every moving
body part contributes its own path, the resulting motion-induced spectrum is a
broadened distribution, not a single neat spectral line.

Step 1 — AGC gain removal. As discussed in Section 2.1} automatic gain
control (AGC) introduces large-scale amplitude jumps between packets. For
Doppler computation specifically, these jumps produce discontinuities in the
CSI sequence that manifest as high-frequency artifacts in the subsequent STFT.
Each CSI frame is therefore first normalized by its L1 norm across subcarriers:

A Hy, Hy,
Hk = = )
[Hlly  SSE_ |H,|

(3.1)

where K is the number of subcarriers. Dividing by the L1 norm removes the
large-scale gain common to all subcarriers in a packet while preserving the
relative per-subcarrier structure.
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Step 2 — Antenna conjugation. Per-packet hardware timing errors (e.g.
STO) and other front-end phase offsets are shared across all subcarriers within
a packet but are randomized between packets (Section . Multiplying each
non-reference antenna by the complex conjugate of a reference antenna cancels
this common per-packet phase:

I:[t,a = IA{t,a © ﬁt,Oa a=1, 27 37 (32)

where antenna 0 of each receiver server as the phase reference. This operation
reduces each receiver’s four physical antennas to three differential channels. The
antenna conjugation is applied independently per receiver.

Step 3 — Temporal conjugate product. To suppress the static multipath
channel (LOS path, wall reflections) and isolate motion-induced dynamics, we
compute the temporal conjugate product between consecutive frames [32]:

Rt = Ht © Ht—17 (33)

where the product is taken independently over all antenna channels and subcar-
rier indices. Writing each element in polar form, H; = |H;|e/?¢, the conjugate
product becomes

Ry = |Hy| - |H;_1| & ($e=e=1), (3.4)
The differential phase A¢y = ¢y — ¢y_1 retains only components that change
between consecutive samples: contributions that are constant across frames —
the dominant static multipath — cancel out. The remaining signal reflects
motion-induced path-length changes and therefore carries the Doppler content.

Step 4 — Short-time Fourier transform. The time series {R;} of conjug-
ate products is processed with a short-time Fourier transform (STFT) to obtain
time-resolved local frequency content: the STFT slides a fixed-length analysis
window along {R;} and computes the spectrum within each window, yielding
one power spectrum per step. For Doppler frame m centered at raw-sample
position s = mH, the STFT is

w-1
Dyje = Z Ry win] e 72mkn/W, k=0,...,W—-1, (3.5)
n=0

where W = 512 is the window length (approximately 0.5 s at the 1,000 Hz raw
CSI rate), H = 10 is the hop size between consecutive Doppler frames (0.01 s;
chosen primarily to reduce computational overhead), and w[-] is a rectangular
window. The Doppler power at frame m and frequency bin k is obtained by
averaging the squared magnitude over the C' = 30 subcarriers:

1 . 2
D = ;ypm,k,c\ . (3.6)

Averaging over subcarriers improves the signal-to-noise ratio by exploiting fre-
quency diversity: different subcarriers experience independent small-scale fading
but carry the same Doppler signature, so their mean is a more stable estimate
of the underlying motion content. The power spectrum D,, is then normalised
to [0, 1] by dividing by its maximum value, converted to decibels, and clipped
at —30 dB.
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Frequency range. Of the W = 512 FFT bins, F = 61 bins are retained
(bins 0 through 60). At a CSI rate of 1000 Hz the frequency resolution is
Af =1000/512 =~ 1.95 Hz per bin, so the retained range spans approximately
[0,117] Hz. Bin 0 is the DC component, corresponding to zero Doppler shift,
which captures the static background and distinguishes motionless periods from
active motion. The upper limit of /117 Hz is chosen empirically to cover the
motion-induced phase variation rates produced by human activities at typical
movement speeds; higher frequencies do not appear to contain discriminative
activity content in the recordings.

Since the input {R;} is complex-valued, the W-point FFT produces a two-
sided, asymmetric spectrum: bins 0 to W/2 — 1 correspond to positive frequen-
cies and bins W/2 to W — 1 correspond to negative frequencies. We retain
F = 61 bins (bins 0 to 60), covering the positive-frequency range [0, 60 Af] ~
[0, 117] Hz at a frequency resolution of § F' = 1000/512 ~ 1.95 Hz per bin. Bin 0
is the DC component corresponding to zero Doppler shift, which provides a dis-
criminative baseline distinguishing motionless from active periods. In practice,
human activity Doppler signatures at typical movement speeds are generally
concentrated below ~ 60 Hz; the retained range is therefore wide enough to
capture the relevant content.

3.8.2 Dataset Construction

3RX dataset. The 3RX dataset uses all three ASUS receivers deployed in
the recording space. For each receiver, the first three antennas are retained
and averaged over the subcarrier-stream dimension, yielding a complex time
series per antenna. Stacking three receivers, each contributing three antenna
series, gives 3 x 3 = 9 independent complex time series. The temporal conjugate
product and STFT are applied independently to each of these nine channels,
producing nine simultaneous Doppler power spectra. The per-frame feature is
therefore a set of nine independent velocity-projection measurements:

X; € R9X617 9 = 3 receivers X 3 antennas per receiver.

1RX subset. For the spatial-diversity ablation in Section a 1RX dataset
variant is produced by retaining only the three channels of one receiver from the
3RX features, giving X; € R3*6! per frame. No separate recording or feature
extraction pass is required; the 1RX data is a strict subset of the 3RX features.

3.8.3 Temporal Label Preservation

Each Doppler frame must be assigned an activity label. Because the STFT
window for frame m spans raw CSI samples [mH, mH + W), its representative
timestamp is the sample at the window center, mH + W/2. The frame re-
ceives the activity label by identifying which motion-capture annotated activity
interval the representative timestamp falls within.

Each recording is saved as a triplet (doppler.npy, labels.npy, meta.json).
doppler.npy holds the complete sequence of Doppler frames for that recording
as a continuous array of shape (7,9,1,61,1), where T is the number of STFT
hops (one per 0.01 s of recording); labels.npy holds the corresponding integer
class label for every frame; meta. json records the recording identifier, total
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frame count, and per-class frame counts.
statistics across all recordings.

A dataset_info.json aggregates

3.8.4 Dataset Summary

Table 3.4: Doppler temporal segmentation dataset statistics (3RX).

Property Value
Recordings processed 209

Total labeled frames ~1.30M
Background frames (class 0) ~4-5%
Feature shape per receiver (3,1,61,1)
Number of receivers 3

Number of classes 11

STFT window W / hop H 512 /10
Window / hop duration ~0.5s / 0.01s
Frequency bins F' 61
Frequency range [0,117] Hz
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Chapter 4

Benchmarking Framework

An obstacle in WiF1i sensing research is that datasets and models are published
with incompatible formats and evaluation protocols, making fair and reprodu-
cible comparisons across methods difficult. To address this, we developed a
unified benchmarking framework that provides a single environment for train-
ing, evaluating, and comparing WiFi CSI-based activity segmentation models
across multiple datasets. We call this framework Breaking-CSI [37]. Sec-
tion motivates the framework and states its design goals. Section de-
scribes the software architecture. Section [B] explains how datasets and models
are integrated. Section defines the standardized evaluation protocol and
metrics.

4.1 Design Goals

The development of WiFi sensing research has produced numerous datasets and
machine learning models, each published with different data formats, prepro-
cessing pipelines, and interface requirements. This fragmentation creates signi-
ficant barriers to reproducible research and fair model comparison. This section
outlines the design goals that motivated the development of the Breaking-CSI
benchmarking framework.

4.1.1 Addressing the Fragmentation Problem

A fundamental challenge in WiFi sensing research is the lack of standardiza-
tion across published work. Each research group releases datasets in different
file formats with varying data shapes, sampling rates, and preprocessing ap-
proaches. Similarly, each published machine learning model expects specific
input dimensions and data organizations that rarely align with other models or
datasets. This creates several critical problems:

e Limited Model Evaluation: Researchers cannot easily test their models
on multiple datasets without significant effort to reformat and preprocess
each dataset differently.

e Unfair Comparisons: Comparing models across papers is difficult or
impossible because different preprocessing pipelines, data splits, and eval-
uation protocols produce incomparable results.
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The Breaking-CSI framework addresses these issues by providing a unified
platform where datasets and models can be integrated once and then freely
combined for evaluation.

4.1.2 Core Design Principles

The framework is guided by four core design principles:

Standardization All datasets are converted to a common data format and
shape, and all models are adapted to accept this standardized input. This
eliminates the need for per-dataset or per-model data reshaping, enabling any
model to run on any supported dataset without modification.

Reproducibility The framework enforces deterministic behavior through fixed
random seeds and provides comprehensive logging of all experimental runs.
Model checkpoints are saved automatically, and all experimental configurations
are explicitly defined, ensuring that results can be reliably reproduced.

Fairness All datasets are processed through the same preprocessing pipeline
with configurable normalization and augmentation options. Evaluation proto-
cols, data splits, and metrics are standardized across experiments, ensuring that
model comparisons reflect true performance differences rather than artifacts of
different evaluation setups.

Extensibility The framework is not limited to the datasets and models cur-
rently supported. New datasets and models can be added through base classes
and integration procedures, allowing the framework to accommodate future re-
search contributions.

4.2 Framework Architecture

This section describes the technical architecture of the Breaking-CSI frame-
work, detailing how the design principles outlined in Section [{.1] are imple-
mented through modular components. Figure 4.1| provides an overview of the
framework’s architecture and data flow.

4.2.1 Dataset Loader Interface

Published WiFi sensing datasets exist in diverse file formats including Parquet,
NumPy, MATLAB, with each dataset employing different data organizations
such as nested lists, flat arrays, or multi-dimensional tensors. The dataset load-
ers interface handles this through a two-stage process:

1. Initial Conversion: A dataset-specific loader reads the original data
format and converts it into the framework’s common representation:
NumPy arrays with shape (timestamp, antennas, streams,
subcarriers, 2), where the final dimension contains amplitude and phase
components. This conversion is performed once per dataset.
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Figure 4.1: Breaking-CSI framework architecture. Raw datasets in vari-
ous formats are converted once by dataset-specific loaders into a common
(T, A, S, K, 2) representation — where T' is the number of time steps, A the
number of antennas, S the number of streams, K the number of subcarriers,
and the final dimension of size 2 contains amplitude and phase — stored as
Parquet files, enabling any model to run on any dataset without further reshap-
ing. The preprocessing pipeline applies splitting, normalization, and batching.
Models are integrated via a common interface and trained with standardized
supervised or unsupervised loops. Evaluation produces consistent metrics for
fair comparison across models and datasets.

2. Efficient Storage: The converted dataset is stored in Parquet format,
an efficient columnar storage format that enables fast loading and com-
pression. Subsequent uses of the dataset load directly from the Parquet
files, avoiding redundant conversion overhead.

This approach ensures that the costly conversion process occurs only once,
while subsequent experiments benefit from fast, standardized data loading.

4.2.2 Preprocessing Pipeline

The preprocessing pipeline applies a sequence of transformations to prepare
data for model training and evaluation. All datasets pass through the same
pipeline, with configurable parameters to accommodate different experimental
requirements:
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Data Splitting The dataset is partitioned into training, validation, and test
sets according to user-specified split ratios.

Normalization Each split is normalized independently to prevent data leak-
age from training to test sets. The framework supports multiple normalization
strategies including AGC, Z-score and Min-Max normalization.

Batching and Collation Samples are grouped into batches for efficient pro-
cessing. Since CSI sequences may have varying lengths, the collation function
applies padding to match the longest sequence in each batch, enabling batched
tensor operations while preserving temporal information.

4.2.3 Model Interface

Published models are typically designed for specific dataset formats and input
shapes. To integrate a model into the framework, it must be adapted to accept
the common data format: (timestamp, antennas, streams, subcarriers,
2). This adaptation involves modifying the model’s input layer or adding a
transformation layer that reshapes the standardized input into the model’s ex-
pected format internally.

Once adapted, the model implements a common interface that exposes stand-
ardized methods for training, validation, and inference. This enables the frame-
work to treat all models uniformly regardless of their internal architecture.

Procedures for integrating new datasets and models into the framework are
described in Appendix [B]

4.2.4 Training and Evaluation Loops

Supervised Training Loop For supervised models, the training loop ex-
ecutes the following workflow:

1. Train for N epochs on the training set, performing backpropagation and
weight updates

2. Evaluate on the validation set after each epoch

3. After N epochs, evaluate the model on the test set

During evaluation, the framework computes and reports multiple metrics in-
cluding accuracy, mean Intersection over Union (mlIoU), mean Average Precision
(mAP), and F1 score, providing comprehensive performance assessment.

Unsupervised Training Loop For unsupervised models that do not require
iterative training, the framework provides a simplified loop that applies the
model directly to the data and evaluates the results using the same metrics as
supervised models, enabling fair comparison.
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4.2.5 Logging and Checkpointing

The framework automatically logs all experimental runs, recording:

e Experiment configuration (model, dataset, hyperparameters,
preprocessing settings)

e Training progress (loss, validation metrics per epoch)
e Final evaluation metrics on the test set

Two types of model checkpoints are saved: one checkpoint is saved after every
epoch, overwriting the previous one, and one checkpoint is saved only when the
validation loss improves. All logs and checkpoints are organized by experiment
timestamp and configuration, supporting reproducibility and result tracking.

4.2.6 Visualization Hooks

Beyond scalar metrics and checkpoints, the framework exposes two hook inter-
faces that allow custom visualization logic to be attached without modifying
the training loops.

Prediction hooks A prediction hook receives the raw predictions and ground-
truth labels at the end of every evaluation batch and epoch. Two built-in im-
plementations are provided:

e Timeline hook: Produces a two-row color-bar plot per epoch, with
ground-truth labels in the top row and model predictions in the bottom
row for a configurable number of representative samples. This makes it
easy to inspect whether the model correctly detects segment boundaries
and which activities are confused at transition points.

e Confusion matrix hook: Accumulates predictions across all batches
and writes a per-class confusion heat-map image at epoch end, revealing
misclassifications and class collapse.

Embedding hooks An embedding hook receives intermediate feature tensors
(embeddings) produced by the model during inference, enabling analysis of the
learned representation space. The built-in t-SNE hook collects up to a configur-
able number of embedding vectors per class, optionally reduces dimensionality
with PCA, and then generates a t-SNE scatter plot. Color-coding by class label
makes it straightforward to assess whether the model has learned class-separable
representations.

Both hook types follow the same factory pattern — a configuration object is
declared in the experiment YAML, and the framework instantiates and registers
the corresponding hook before the evaluation loop begins. Additional hooks
implementing the prediction hook or embedding hook protocols can be added
to extend the framework with custom analyses without modifying the training
loop code.

47



4.3 Evaluation Protocol

The Breaking-CSI framework employs a standardized evaluation protocol to
ensure fair and reproducible model comparisons. This section describes the
metrics used for performance assessment and reproducibility considerations.

4.3.1 Evaluation Metrics

The framework computes four complementary metrics to provide comprehensive
performance assessment for activity segmentation and recognition:

Accuracy Frame-level classification accuracy measures the proportion of cor-
rectly classified frames across all test samples:

Number of correctly classified frames

Accuracy = (4.1)

Total number of frames

While intuitive, accuracy can be misleading for imbalanced datasets where
some activities are much more frequent than others.

Mean Intersection over Union (mIoU) IoU measures the overlap between
predicted and ground truth segments for each activity class. For a given class
¢, IoU is computed as:

B TP,
" TP.+ FP.+ FN,

Where TP, is true positives, F'P, is false positives, and F' N, is false negatives.
The mean IoU averages across all classes:

ToU, (4.2)

C
1
mloU = ~ ;IOUC (4.3)

Where C' is the number of activity classes. mloU is particularly effective for
segmentation tasks as it penalizes both over- and under-segmentation.

Mean Average Precision (mAP) Average Precision (AP) summarizes the
precision-recall curve for each class by computing the area under the curve.
Mean Average Precision averages AP across all classes:

C
1
mAP = < ; AP, (4.4)

mAP is robust to class imbalance and provides insight into model performance
across varying confidence thresholds.

F1 Score The F1 score is the harmonic mean of precision and recall, computed
per-class and then averaged:

Precision, - Recall,.
Fle=2-5—— 45
Precision, + Recall,. (4.5)
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1 C
Fl=— F1,. 4.
C; (4.6)

F1 provides a balanced measure that accounts for both false positives and false
negatives.

By reporting all four metrics, the framework enables comprehensive assess-
ment of model performance from multiple perspectives, reducing the risk of
overlooking important performance characteristics.

4.3.2 Reproducibility Considerations

To ensure reproducibility results, the framework enforces several practices:

e Fixed random seeds: All random number generators (NumPy, PyTorch,
Python random module) are seeded with a user-specified value, ensuring
deterministic behavior across runs.

e Explicit configurations: All hyperparameters, preprocessing settings,
and evaluation parameters are specified in configuration files that are
logged alongside results.

e Comprehensive logging: All experimental details — including dataset,
model, training duration, and hyperparameters — are logged, enabling
precise reproduction of results.

These practices, combined with the standardized preprocessing and evalu-
ation pipelines, ensure that results produced by the framework are comparable,
verifiable, and reproducible.
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Chapter 5

DopplerTAS Model

This chapter introduces DopplerTAS [37], a model for WiFi-based temporal
activity segmentation designed to generalize across the spatially varied record-
ings in the WiPos dataset. Instead of raw CSI amplitude, DopplerTAS operates
on Doppler features derived from the time-differential channel phase, which are
largely position-invariant. Section (in Chapter|3) describes the Doppler fea-
ture extraction and the temporal segmentation dataset variant used for training.

5.1 The DopplerTAS Model

5.1.1 Motivation

The temporal segmentation task requires assigning an activity label to every
frame in a continuous recording. This differs from activity recognition, where a
pre-segmented clip receives a single label; here the model must implicitly locate
activity boundaries while classifying the activity within each segment. The core
difficulty is that accurate boundary placement requires temporal context on
both sides of a transition: a frame near the onset of an action is ambiguous
without the subsequent motion confirming the activity, and an offset frame is
ambiguous without prior context establishing what just completed.

Why Doppler features instead of raw CSI. Existing WiFi temporal seg-
mentation and recognition models process raw CSI amplitude [71, 34]. Raw
CSI amplitude encodes the full multipath channel, which is determined jointly
by the subject’s motion and their position relative to the antenna array. Be-
cause signal paths change when the subject stands at a different location in
the room, even the same activity performed at different positions produces a
different CSI pattern. In a dataset where subjects move freely throughout the
recording space — as in the WiPos dataset — this is an instance of covariate
shift: the input distribution seen during training differs from the distribution
encountered during testing, even though the activity labels are the same. A
model trained on recordings from one set of positions may therefore not gener-
alize reliably to recordings from different positions. The benchmarking results
presented in Section [6.1] confirm this: raw-CSI models trained on the recordings
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show substantially lower accuracy than on public datasets where subjects are
constrained to a fixed position.

Doppler features, by contrast, capture the rate of change of the channel phase
rather than the raw channel itself. As derived in Section the temporal
conjugate product suppresses static multipath contributions and retains only
motion-induced phase dynamics. However, the Doppler spectrum is not fully
position-independent. The shift in a reflection path caused by a limb movement
depends on the angle between the limb, the transmitter, and the receiver: at dif-
ferent room positions, the same motion produces slightly different path-length
changes, and therefore slightly different Doppler shifts. Orientation has a sim-
ilar effect: turning the subject changes which body parts move toward which
receivers, altering the per-receiver velocity projections. What changes less with
position is the overall spectral shape for a given motion type, because the dom-
inant contribution comes from how fast body parts are moving, not from the
exact geometry. For periodic or recurring motions — such as squatting, jump-
ing, or stirring — this means the motion-induced spectral pattern repeats more
consistently across locations than raw amplitude, which is dominated by the
static channel and undergoes near-noise-level fading with position. In the Wi-
Pos dataset, subject orientation is controlled (activities are performed facing a
fixed direction), which further reduces orientation-induced variability. Doppler
features are therefore expected to generalize better than raw amplitude across
the spatially varied recordings; we test this hypothesis directly in the evaluation.

Architecture overview. DopplerTAS addresses the segmentation task with
a three-stage fully supervised architecture. A linear input embedding first pro-
jects each Doppler frame to a compact representation. A multi-layer bidirec-
tional long short-term memory (BiLSTM) network then integrates temporal
context across the full input window simultaneously in the forward and back-
ward directions, giving every frame access to both past and future evidence.
Finally, a lightweight per-frame classifier maps each contextualized representa-
tion to class logits, producing one prediction per input frame.

The model is trained end-to-end with weighted cross-entropy loss and requires
no attention mechanism, convolutional backbone, or pretraining.

Multi-receiver input fusion. Fusion of the receiver streams is performed at
dataset generation time (Section . Each receiver’s Doppler channels are
extracted independently and then concatenated along the channel axis, giving
9 independent input channels for the 3RX configuration. The model there-
fore treats all 9 channels as a flat set of parallel time series; it has no explicit
knowledge of which channels originate from which receiver. Alignment across
receivers is by frame count: the middle receiver serves as the temporal reference
— its frame count and timestamps define the common timeline — and the other
receivers are truncated or zero-padded to match. No per-packet cross-receiver
sequence-number matching is performed. As a result, individual packet loss
at one receiver affects only that receiver’s channels; the other channels remain
unaffected.
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5.1.2 Architecture Overview

The model accepts a window of T' consecutive Doppler frames as input. Each
frame is represented as a vector x;, € R%» obtained by flattening the per-frame
feature map of shape A x 1 x F' x 1, giving d;, = A - F, where A is the number
of independent Doppler time series and F' = 61 is the number of frequency
bins retained from the STFT. The architecture is generic in A; in the 3RX
configuration A = 9 (three receivers, each with three antennas) and in the 1IRX
configuration A = 3 (one receiver), giving d;, = 549 and d;,, = 183, respectively.

Stage 1 — Input Embedding. Each frame X; is independently projected to
a d.-dimensional embedding space by a linear layer followed by ReL.U activation
and dropout:

e; = Dropout(ReLU(W.x; + b.)), e; € R%, (5.1)

where W, € Ré*din and b, € R are learned parameters, d. = 512, and dro-
pout probability p = 0.3. The same linear projection is applied independently
to every frame, so no temporal information is introduced at this stage.

Stage 2 — Bidirectional LSTM. The embedding sequence (eq,...,er) is
processed by a three-layer bidirectional LSTM [22] [47] with hidden dimension
h = 512 per direction:

<— g
h'; = BILSTM(ey,...,er), h;e R, (5.2)

where ?t is the concatenation of the forward hidden state ﬁt € R" and the
backward hidden state %t € R". Bidirectionality is motivated by the asym-
metry of activity boundaries: a frame at the onset of an action carries little
discriminative information on its own — it needs subsequent frames to con-
firm the activity. The backward pass allows the model to propagate this future
evidence back to earlier frames, directly helping with onset localization. Depth
(three stacked layers) increases the capacity to represent non-linear temporal
dynamics. Inter-layer dropout is applied between layers.

—
Stage 3 — Per-Frame Classifier Each contextualized representation h ;
is independently mapped to class logits by a two-layer MLP with GELU activ-
ation [21]:

$1 = Wy GELU(Dropout(Wy b, + b)) + by, 3, €RC,  (5.3)

where W; € RImwXx2h ¢ Réoe. Wy € REXImie and by € RC are learned
parameters, with MLP hidden dimension dy,1, = 128 and C' = 11 output classes.
GELU is preferred over ReLLU at this stage because its smooth, non-zero gradient
near zero yields more stable gradient flow when MLP inputs are approximately
centered [21I]. The same classifier is applied independently to every frame, so
the final output has shape T x C.

Figure illustrates the full three-stage pipeline.
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Figure 5.1: DopplerTAS data flow. Each input frame x; € R%» (d;, = A-61,
where A is the number of Doppler channels, e.g. A=9 for the 3RX configura-
tion) is first projected by a shared linear embedding. The full T-frame sequence
then passes through three BiLSTM layers; each layer runs a forward and a
backward LSTM pass over the sequence and concatenates their outputs, giv-
ing a 1024=2x512-dimensional representation per frame. Dropout is applied
between consecutive layers. The two-layer classifier then maps each frame’s
1024-d representation independently: first to 128 dimensions (GELU, dropout),
then to 11-class logits. One prediction ¢; is emitted for each of the T input
frames.
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5.1.3 Model Size

The total parameter count is approximately 23 M for the 3RX configuration
(din = 549) and 22 M for 1RX (d;, = 183). The small differences arises be-
cause the embedding layer contributes relatively few parameters compared to
the LSTM stack. One training epoch over the full 3RX training set takes ap-
proximately 420 s on a single NVIDIA RTX 3060 GPU.

5.1.4 Design Choices

No attention gating. A per-frame sigmoid gate over the BiLSTM output
was evaluated as a design candidate. Such a gate introduces additional learned
parameters that compete with the recurrent weights during optimization, while
providing no additional effective temporal range beyond what the multi-layer
BiLSTM already captures through its recurrent state. The empirical effect of
adding this gate is reported in Section [6.2.2

No layer normalization on recurrent outputs. Applying layer normal-
ization [7] directly to the BiLSTM hidden states introduces a problematic in-
ductive bias at initialization: normalizing recurrent states to unit variance be-
fore the weights have learned meaningful representations amplifies noise in the
untrained states, which can cause the classifier to collapse to a near-uniform
prediction. Empirically, this initialization instability outweighs the potential
training-stability benefits. The effect on model accuracy is quantified in Sec-
tion

5.1.5 Training Protocol

During training, each recording is divided into overlapping windows of T consec-
utive Doppler frames using a sliding window with stride S. The window length
T determines how much temporal context is available to the BiLSTM; the stride
S controls the density of training samples per recording. At inference, predic-
tions from overlapping windows are merged by taking the per-frame majority
vote over all windows covering that frame. The effect of T on segmentation
performance is examined in Section [6.2.2

Features are z-score normalized per dimension using statistics computed from
the training set. Training minimizes a weighted cross-entropy loss:

T
1 A
L= =5 D W loBBuy, o =25 oo =10, (5.4)

where p; . is the softmax probability assigned to class c at frame ¢, y; is the
ground-truth label, and w, is the per-class weight. The background class (class
0) is upweighted by a factor 2.5 because it comprises only 4-5% of frames;
without upweighting the model tends to assign low loss to the majority activity
classes and under-segment background transitions.

The optimizer is Adam [28] with initial learning rate n = 5 x 10~% and weight
decay A = 107°. The learning rate is annealed with cosine scheduling [35] from
n down to Nmin = 107° over Thuay = 200 epochs. The checkpoint achieving the
highest validation accuracy is retained for evaluation.
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Chapter 6

Experimental Evaluation

This chapter reports all experimental results. Section[6.1]evaluates three baseline
models — Wi-Monitor, WiFiTAD, and TW-FINCH — across four public data-
sets and the WiPos dataset using the benchmarking framework. Section [6.2
presents the DopplerTAS results on WiPos, including ablation studies on tem-
poral context window and spatial diversity. Section|6.3|reports validation results
on the activity recognition and localization dataset variants.

6.1 Benchmarking Framework Results

A key goal of this work is to provide a reusable benchmarking framework for
WiFi-based temporal activity segmentation: a common data pipeline, evalu-
ation protocol, and set of metrics that can be applied uniformly to any model
and any dataset. To demonstrate the framework we evaluate three representat-
ive architectures from the literature — a supervised frame-level classifier (Wi-
Monitor model [71]), a supervised temporal action detector (WiFiTAD [34]),
and an unsupervised clustering method (TW-FINCH [45]) — on four public
datasets and on the WiPos dataset (Chapter [3)).

Beyond characterizing the baselines, the results on the WiPos dataset reveal
a consistent accuracy drop compared to the public benchmarks, consistent with
the position-induced covariate shift discussed in Section [5.1.1

6.1.1 Models Under Evaluation

Wi-Monitor model. The Wi-Monitor model [71] is a supervised dense clas-
sifier; its architecture is described in Section In brief, it processes fixed-
size windows of raw CSI amplitude through a ResNet-2D encoder and a tem-
poral convolutional network (TCN), producing per-frame class probabilities via
a Softmax head. The paper describes a two-stage training procedure consisting
of a base-training phase followed by a fine-tuning phase. The public code release
does not fully specify the fine-tuning procedure, so our evaluation uses only the
base-training stage. Training uses cross-entropy loss; the checkpoint with the
highest validation accuracy is selected for testing.
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WiFiTAD model. WiFiTAD [34] is a proposal-based temporal action de-
tector adapted from the video domain; its underlying architecture is described
in Section 2.3.1] Rather than producing a dense per-frame output, the model
generates a set of temporal proposals, each described by a predicted start time,
end time, and class score. Proposals are evaluated against ground-truth seg-
ments using intersection-over-union (IoU); detection quality is measured with
mean average precision (mAP) at IoU thresholds {0.3, 0.5, 0.7}. No per-frame
accuracy is reported because the output is not dense. The architecture requires
a minimum input length of 2048 frames (= 20.5s at 100 Hz).

TW-FINCH. TW-FINCH [45] is the unsupervised clustering baseline; its al-
gorithm and CSI adaptation are described in Section Because it produces
unlabeled clusters rather than class predictions, the Hungarian algorithm is
used to assign cluster indices to ground-truth class labels, yielding the best-case
accuracy achievable by the discovered partition (an optimistic upper bound).
Standard segmentation metrics are computed over the full dataset; there is no
separate held-out test split.

Dataset and Evaluation Protocol

Five datasets are used for this benchmark:

Wi-Monitor A public indoor HAR dataset recorded with 802.11n commodity
hardware. Activities are performed at fixed positions in front of a single
router; the dataset contains 11 activity classes at a 100 Hz CSI sample rate
with an average segment duration of approximately 1.78 s. Only test data
was made publicly available; the original training set was not released. The
test set contains duplicate samples; we removed duplicates and trained on
the resulting unique samples, which yields a smaller effective training set
than the original benchmark used. This reduction in training variety may
partly explain lower scores compared to those reported in the original

paper.

DeepSeg A public continuous activity segmentation dataset containing mul-
tiple subjects performing households activities in a residential environ-
ment. Activity classes are varied and the label distribution is notably
imbalanced.

WiFiTAD The dataset accompanying the WiFiTAD temporal action detection
model, designed explicitly for proposal-based evaluation with long, well-
separated activity segments.

MM-Fi A large-scale multi-modal indoor dataset collecting synchronized WiFi
CSI, mmWave radar, and RGB-D data for 27 activity classes. CSI is cap-
tured at 100 Hz; each activity instance lasts approximately 1.89 s. Each
recordings consists of continuous repetitions of the same activity. The CSI
amplitude data is stored in decibels (201og;, of the raw amplitude). Ap-
proximately 39% of segments contain —oo values in the amplitude. Inspec-
tion of the data shows the corruption is concentrated in specific recording
sessions, suggesting a preprocessing error in the original MATLAB con-
version pipeline. Removing the affected segments entirely is not a viable
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fix: because the corruption is session-concentrated, dropping 39% of the
data eliminates entire recording sessions rather than uniformly thinning
the dataset. The result is a heavily session-biased and activity-unbalanced
subset; we verified that training on such a reduced set produces similarly
poor generalization. We therefore repair the affected entries by replacing
each —oo value with the smallest finite value recorded for that subcarrier
across the whole dataset (per-subcarrier column-minimum). This pre-
serves the full session and class distribution, but introduces an artificial
amplitude floor that does not reflect real channel conditions, which de-
grades the quality of the repaired data.

WiPos dataset Our new CSI dataset of 210 recordings (60 seconds each) col-
lected with three receivers and motion capture for ground-truth frame-
level labels. The subject performed 11 activity classes at 16 positions
throughout the recordings space, not at a fixed position relative to the
routers. CSI is recorded at 1000 Hz; the data is organized as three inde-
pendent time series, each with per-frame shape (3,1,114) (3 antennas, 1
stream, 114 subcarriers). For models that require a single combined input,
the three streams are concatenated.

6.1.2 Wi-Monitor Model

Table [6.1] summarizes the Wi-Monitor model test metrics across all five dataset
conditions. Figure [6.1] shows the confusion matrix for the Wi-Monitor model
trained and evaluated on the datasets.

Table 6.1: Wi-Monitor model test-set performance across datasets. mAP is
at IoU = 0.7; F1 is Segmental F1 at IoU = 0.5; SegloU = Symmetric Segment
IoU; BndF1 =Boundary F1 (tol 500).

Dataset Acc mloU mAP@O0.7 F1@0.5 SegloU BndF1
Wi-Monitor 89.48%  77.41% T7.77% 77.59%  55.96%  53.14%
DeepSeg 66.76% 11.83% 2.35% 4.56%  39.80%  44.81%
WiFiTAD 29.87%  3.73% 0.00% 0.00%  35.52% 0.00%
WiPos 60.42%  48.40% 52.06% 25.56% — —
MM-Fi 4.19%  0.16% 0.00% 0.00% — —

Wi-Monitor dataset. On its native dataset the Wi-Monitor model achieves
89.48% frame accuracy and 77.41% mloU, with Map@O0.7 of 77.77%, F1@0.5 of
77.59%, Symmetric Segment IoU of 55.96%, and Boundary F1 of 53.14%. All
six metrics are consistent: high accuracy is mirrored by strong mloU, mAP,
F1, Symmetric Segment IoU and Boundary F1, showing that the ResNet-2D +
TCN architecture correctly identifies both activity boundaries as well as per-
frame labels for the dataset it was designed for.

DeepSeg dataset. On DeepSeg, frame accuracy (66.76%) is much higher
than mIoU (11.83%) and the near-zero mAP (2.35%) and F1 (4.56%). Fig-
ure illustrates the failure mode: the ground-truth strip (top) contains vari-
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Confusion matrix - epoch test
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Figure 6.1: Test-set confusion matrices for the Wi-Monitor model across three
datasets. Rows are ground-truth labels, columns are predictions. The nat-
ive Wi-Monitor result shows clean multi-class discrimination; the DeepSeg and
WIiFiTAD results exhibit near-total background collapse, with the entire pre-
diction mass concentrated on the background column.
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ous colored activity segments interspersed with background, while the predic-
tion strip (bottom) is almost entirely blue (background) with only a few isol-
ated non-background patches. This is background collapse: the model predicts
background for nearly every frame regardless of what is actually happening, so
it almost never detects the activity segments present in the ground truth. A
predictor that outputs background at every frame achieves roughly 67% frame
accuracy on DeepSeg — matching the 67% background proportion of the data-
set — while getting near-zero IoU, mAP, and F1, since it detects no segments at
all. The Wi-Monitor model was trained on its native dataset where background
is a minority class, so no pressure exists during training to suppress background
predictions when transferred to the background-dominated structure of Deep-
Seg.

Figure 6.2: Ground-truth (top) and predicted (bottom) activity timeline for
a representative DeepSeg test recording, Wi-Monitor model. Blue is class 0
(background), other colors are activity classes. The ground-truth strip contains
substantial colored activity segments; the prediction strip is almost entirely
blue, with only a few isolated non-background patches — confirming background
collapse on this dataset. The white horizontal bar separates the two rows.

WiFiTAD Dataset On the WiFiTAD dataset, the Wi-Monitor model achieves
only 29.87% accuracy with zero mAP and F1, despite being trained on the WiF-
iTAD training split. The WiFiTAD dataset is structured differently from Wi-
Monitor: each recording is a long window containing one activity surrounded
by a substantial period of background with no labeled activity, while the Wi-
Monitor architecture is designed for short, densely annotated segment sequences
where activity frames are the majority class. Even with in-domain training, the
frame-level classifier cannot reliably suppress the dominant background class,
so predictions collapse to background and activities are rarely detected, yielding
near-zero mAP and F1 alongside a frame accuracy only slightly above chance.

WiPos Dataset The Wi-Monitor model achieves 60.42% frame accuracy on
the WiPos dataset, with mIoU of 48.40% and mAP@Q.7 of 52.06%. Unlike the
DeepSeg result, all four metrics are consistent, which shows the model is making
real per-class predictions rather than collapsing to a single dominant class.

The 60.42% accuracy is lower than the 89.48% achieved on the Wi-Monitor
dataset, despite both datasets having the same number of classes. We hypothes-
ize that this gap is mainly due to the positional variation in the WiPos dataset:
in the Wi-Monitor recordings, activities are always performed at the same loc-
ation in front of a single router, so each class produces a relatively stable CSI
amplitude pattern across sessions. In the WiPos dataset, the subject performs
the same activities at 16 different positions, so the CSI amplitude pattern —
which depends on the full multipath channel and therefore on position — varies
substantially for the same activity.

MM-Fi Dataset The Wi-Monitor model achieves only 4.19% frame accur-
acy on MM-Fi, barely above the 3.7% random-chance baseline for 27 classes.
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As described above, the MM-Fi amplitude data contains —oo values for null
subcarriers. Even after we replace these with column-minimum values, the re-
paired samples are not equivalent to clean measurements: the replaced values
introduce an artificial amplitude floor that does not reflect real channel condi-
tions. Training accuracy reaches approximately 53% while validation accuracy
plateaus at 9.5%, indicating the model memorizes the training set but does not
generalize. The 27-class label space combined with the corrupted input signal
makes MM-Fi a difficult dataset for this model.

6.1.3 WiFiTAD Model

Table reports mAP at three IoU thresholds and Segmental F1 for the WiF-
iTAD model. No result is reported for MM-Fi; see below.

Table 6.2: WiFiTAD model test-set results across datasets. Segmental F1 is
at ToU = 0.5. MM-Fi is excluded due to a tensor-shape incompatibility caused
by the minimum 2048-frame input requirement of the WiFiTAD architecture
and the ~189-frame average MM-Fi activity duration.

Dataset mAP@0.3 mAP@0.5 mAP@0.7 F1@O0.5

DeepSeg 87.68% 84.42% 75.38% 1.59%
Wi-Monitor 99.72% 98.14% 92.08% 2.73%
WiFiTAD 75.88% 69.37% 52.69% 1.48%
WiPos 71.25% 54.41% 35.66% 2.32%

Wi-Monitor and DeepSeg datasets. WiFiTAD achieves exceptional mAP
on Wi-Monitor (mAP@0.7 = 92.08%) and strong mAP on DeepSeg (75.38%),
demonstrating that the multi-scale temporal proposal architecture localizes
activity boundaries precisely when the CSI signal has sufficient temporal vari-
ation.

The Segmental F1 remains near zero on both datasets (2.73% and 1.59%),
which seems contradictory given the high mAP. The discrepancy arises from
how each metric counts a correct prediction: mAP rewards any high-overlap
proposal, so even a few well-placed proposals yield a high score. Segmental F1
requires a one-to-one match for every ground-truth segment; WiFiTAD pro-
duces a small number of large proposals, while these datasets contain many
short segments, so most ground-truth segments go unmatched. Whether this
is a failure depends on the goal: for localizing when activities occur in a long
recording, the high mAP is the relevant result; for labeling every individual
repetition, the near-zero F1 shows the model falls short.

WiFiTAD dataset. On its own test set WiFiTAD achieves mAP@0.7 =
52.69% and mAP@OQ.5 = 69.37%. This is lower than on Wi-Monitor and Deep-
Seg, which is possibly explained by the WiFiTAD dataset’s smaller size and
more varied activity lengths, both of which can increase the variability of local-
ization scores.
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WiPos dataset. On the WiPos dataset WiFiTAD achieves mAP@0.3 = 71.25%
but drops to mAP@0.7 = 35.66%. The gap suggests the model can roughly loc-
ate an activity within a recording but cannot reliably align its predicted start
and end times with the precise frame-level labels we provide. WiFiTAD gener-
ates a small number of coarse proposals per recording, each covering the rough
time span of one activity, while the annotations of WiPos mark boundaries at
the individual frame level. The structural mismatch between few coarse propos-
als and many precise frame-level boundaries likely explains the drop in mAP as
the IoU threshold increases.

MM-Fi dataset. We exclude MM-Fi from the WiFiTAD benchmark. WiF-
iTAD requires a minimum input of 2048 frames (= 20.5 s at 100 Hz) for its
temporal feature pyramid. The average MM-Fi activity instance lasts only
189 frames, well below this minimum. Padding or truncating samples to 2048
frames would change the temporal statistics of the input fundamentally, making
the comparison meaningless.

TW-FINCH Model

Table summarizes TW-FINCH results. Because TW-FINCH is unsuper-
vised it requires a different evaluation strategy from the supervised models.
There is no training phase; the algorithm runs on the complete dataset and pro-
duces unlabeled clusters. It then applies the Hungarian algorithm [29] to assign
each cluster index to the ground-truth class label that maximizes overall ac-
curacy. This optimal label assignment represents the best-case scenario; to put
the resulting numbers in context, we also report a random-prediction baseline
in Table [6.3} applying Hungarian matching to completely random cluster as-
signments on the WiPos dataset yields 50.38% accuracy, 33.84% mloU, 12.63%
mAP@Q.7, and 39.04% F@0.5. There is no held-out test split; all metrics are
over the complete dataset.

Table 6.3: TW-Finch unsupervised clustering results after Hungarian label
assignment. All metrics are over the complete dataset; there is no held-out
test split because TW-Finch is unsupervised. SegloU = Symmetric Segment
IoU; BndF1 = Boundary F1 (tol 500); both are only reported for datasets where
ground-truth segments are fully defined (Wi-Monitor and DeepSeg). We exclude
MM-Fi because TW-Finch fails to produce the required number of clusters
on any MM-Fi recording (see Section [6.1.3). The last row shows a random-
prediction baseline (random cluster assignments with optimal Hungarian label
assignment applied) on the WiPos dataset.

Dataset Acc mloU mAP@0.7 F1@0.5 SegloU BndF1
Wi-Monitor  59.85%  41.42% 17.79%  32.53%  54.44%  58.88%
DeepSeg 31.54% 17.97% 17.45%  38.71%  60.96% 78.31%
WiFiTAD 47.62%  30.41% 5.28% 3.60% — —
WiPos 52.29%  35.43% 16.38% 16.65% — —
Random 50.38% 33.84% 12.63%  39.04% — —
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Figure 6.3: Confusion matrix for TW-FINCH on the Wi-Monitor dataset after
Hungarian label assignment. Rows are ground-truth classes, columns are the
assigned cluster labels. Off-diagonal mass indicates classes that the pairwise
affinity does not fully separate.

Wi-Monitor dataset. TW-FINCH achieves 59.85% frame accuracy on Wi-
Monitor without any supervision, with a Segmental F1 of 32.53%, Symmetric
Segment IoU of 54.44%, and Boundary F1 of 58.88%. The time-weighted affinity
discovers temporal clusters that align well enough with the ground-truth activity
classes for the Hungarian assignment to produce a meaningful label mapping.

DeepSeg and WiFiTAD datasets. Performance on WiFiTAD (47.62%)
and DeepSeg (31.54%) is lower. The Segmental F1 on Wi-Monitor (32.53%)
is much higher than on WiFiTAD (3.60%), which can be explained by dataset
structure: TW-FINCH produces a dense, gap-free partition of each recording.
This fits naturally with the dense short-activity structure of Wi-Monitor, but
fits poorly with the WiFiTAD structure where activities are surrounded by
long background periods. The mAP@Q.7 scores across all datasets are low (5—
18%), reflecting that while TW-FINCH identifies the correct activity for many
frames, the cluster boundaries rarely align precisely with ground-truth segment
boundaries at the 70% IoU threshold.

WiPos dataset. TW-FINCH achieves 52.29% accuracy and 35.43% mloU on
the WiPos dataset, approaching the supervised Wi-Monitor model on the same
data (60.42% acc, 48.40% mlIoU). That an unsupervised algorithm ties with
a trained classifier indicates that the 11 activities in the recordings produce
sufficiently distinct temporal CSI signatures for the pairwise affinity to separate
them without labels.
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MM-Fi dataset. We exclude MM-Fi from the TW-FINCH results. TW-
FINCH’s hierarchical partition cannot produce the 27 required clusters on any
MMS-Fi recording: the algorithm reaches maximum granularity with at most
25 groups per recording. The likely cause is that each MM-Fi activity instance
lasts only ~1.89 s on average, which is probably too short to accumulate enough
temporal variation to form 27 distinct groups. The clusters that are produced
have near-zero detection metrics (mAP@0.7 = 0.00%, Segmental F1 = 0.00%,
mloU = 7.21%), confirming the clustering is not informative on this dataset.

6.1.4 Cross-Model Comparison and Discussion

Table provides a unified side-by-side comparison of the three baselines on
the datasets for which all models produced valid results.

Table 6.4: Cross-model comparison of the three baselines across six metrics.
WM = Wi-Monitor model, WT = WiFiTAD model, TWF =TW-Finch. “—”
means the metric is not applicable to the model or was not recomputed for that
condition. SegloU = Symmetric Segment IoU; BndF1 = Boundary F1 (tolerance
500 frames). WiPos SegloU/BndF1 omitted (dataset snapshot used for original
run is no longer available). All values are percentages.

Dataset Model Acc mloU mAP@O0.7 F1@0.5 SegloU BndF1

WM 89.48 77.41 7.7 77.59 55.96 53.14
Wi-Monitor WT — — 92.08 2.73 — —
TWEF 59.85 41.42 17.79 32.53 54.44 58.88
WM 66.76 11.83 2.35 4.56 39.80 44.81
DeepSeg WT — — 75.38 1.59 — —
TWEF 31.54 17.97 17.45 38.71 60.96 78.31
WM 60.42 48.40 52.06 25.56 — —
WiPos WT — — 35.66 2.32 — —
TWF 52.29 35.43 16.38 16.65 — —

mAP and frame accuracy measure different qualities. WiFiTAD con-
sistently achieves the highest mAP on datasets with sufficiently long sequences
(Wi-Monitor: 92%, DeepSeg 75%) but reports near-zero Segmental F1. The
Wi-Monitor model achieves the highest frame accuracy and F1 on its native
dataset (88% and 70%) while WiFiTAD has no frame accuracy at all. These
are not contradictory: the two architectures optimise for structurally different
output spaces. mAP evaluates the ranked precision of temporal proposals, which
WiFiTAD excels at; frame accuracy and F1 evaluate dense per-frame labeling,
which the Wi-Monitor model is designed for. Choosing which metric is most
meaningful depends on the target application.

Accuracy degradation on the WiPos dataset and its implications All
baselines achieve lower performance on WiPos than on Wi-Monitor despite both
sharing 11 classes: the Wi-Monitor model drops from 89.48% to 60.42%, WiF-
iTAD’s mAP@Q.7 falls from 92.08% to 35.66%, and TW-FINCH from 59.85% to
52.29%. We primarily attribute this to the positional variation in WiPos: while

65



Wi-Monitor activities are always performed at the same location, WiPos activ-
ities are at 16 different positions, causing the CSI amplitude pattern to vary
with position (see Section [2.1)), consistent with the covariate shift discussed at
the start of this section. An additional contributing factor is that the baselines
were evaluated with their original published hyperparameters, optimized for
their respective native datasets; hyperparameter tuning specific to WiPos could
partially close the gap, though it would not eliminate the underlying position-
sensitivity of amplitude-based features.

Figure shows four out of six metrics (Ace, mloU, mAP@Q.7, F1@0.5)
across all four datasets and all three models in a single overview.

Frame Accuracy (%) mloU (%)
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Figure 6.4: Benchmarking framework results for all three baselines across all
four datasets. Each panel shows one metric; bars are grouped by dataset and
colored by model. WiFiTAD reports no dense Acc or mloU and is absent from
those panels. MM-F1i is excluded (near-zero scores due to corrupted input; see

Section .

6.2 DopplerTAS Model Results

All experiments in this section use the DopplerTAS model described in Sec-
tion [5.1] The model is evaluated on the 3RX Doppler dataset by default, with
one benchmark on the 1RX Doppler dataset for comparison.

6.2.1 Evaluation Metrics

The held-out test split comprises 509 sliding windows (15% of 3391 total), drawn
at the window level from across all recordings using a fixed seed, so test windows
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span the full diversity of recording sessions. Six complementary metrics are
reported:

Frame accuracy Fraction of frames classified correctly.
mlIoU Mean intersection-over-union across all 11 classes.

mAP @ ToU 0.7 Mean average precision at a 70% IoU threshold, computed
from per-segment confidence scores derived from the dense logit output.

Segmental F1 @ IoU 0.5 F1 score for one-to-one segment matching at a 50%
IoU threshold.

Segment IoU (symmetric) Jaccard index at the segment level, averaged sym-
metrically over ground-truth and predicted segments.

Boundary F1 (tol=5) F1 score for predicted vs. true segment boundaries
with a tolerance of 5 frames.

6.2.2 Effect of Temporal Context Window

The dominant design variable in the DopplerTAS pipeline is the training window
size T'. Table[6.5| reports the effect of varying T' with all other hyperparameters
held constant.

Table 6.5: DopplerTAS test-set performance as a function of training window
size T on the 3RX Doppler temporal dataset. All runs use z-score normalization,
weighted cross-entropy, Adam (n =5 x 107%, A = 107°), and cosine annealing
over 200 epochs; stride S = 300 throughout. Ep: epoch at which the best-
validation-accuracy checkpoint was saved.

Window T Test Acc Best Val Ep mloU

500 76.18% 76.81% 138  59.71%
750 82.21% 83.36% 143  65.78%
1000 86.26% 85.38% 145  71.14%
1500 96.70% 97.08% 188 90.43%

Each 250-frame increase in context delivers approximately 4-10 percentage
points of test accuracy. We attribute this to two complementary effects. First,
larger windows allow the BiLSTM to observe more complete action instances, re-
ducing truncated-action artifacts near window edges. Second, boundary frames
benefit from proportionally more surrounding context on both sides, which dir-
ectly helps the backward LSTM pass resolve ambiguous onset /offset timing.

The full metrics for the best configuration (7' = 1500) are reported in Table[6.6]

6.2.3 Spatial Diversity: 3RX vs. 1RX

To quantify the contribution of multi-receiver spatial diversity, we train an
identical model on the 1RX dataset (middle receiver only) with all other settings
unchanged. The experiment is a controlled ablation: any accuracy difference is
attributable solely to the reduction from three receivers to one.
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Table 6.6: Full test-set metrics for DopplerTAS on the 3RX dataset (7" = 1500,
S =300, 200 epochs).

Metric Value
Frame accuracy 96.70%
mloU 90.43%
mAP @ IoU 0.7 90.32%

Segmental F1 @ IoU 0.5 85.08%
Segment IoU (symmetric)  97.25%
Boundary F1 (tol=5) 87.47%
Best-checkpoint epoch 188 / 200
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Figure 6.5: Test-set confusion matrix for DopplerTAS 3RX (T = 1500). Rows
are ground-truth labels, columns are predictions; values are proportional to the
number of frames.

Table 6.7: 3RX vs. 1IRX comparison on the temporal segmentation task (Dop-
plerTAS, 3RX, T'= 1500, S = 300).

Setup Test Acc mloU  Seg. IoU BF1
3RX (T =1500) 96.70%  90.43% 97.25% 87.47%
1RX 94.72% 85.62% 95.45% 79.14%
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The results reveal a surprisingly small performance gap. Restricting to a
single receiver reduces frame accuracy by only 1.98 percentage points (96.70%
— 94.72%) and mIoU by 4.81 pp (90.43 — 85.62%). This minimal gap demon-
strates that the critical mechanism for position invariance in DopplerTAS is
the antenna-conjugation operation rather than the number of receivers: even a
single router’s three antenna channels produce a largely position-independent
Doppler velocity estimate. The metrics remain high for the 1RX configuration,
with Segment IoU at 95.45% and Boundary F1 at 79.14%, confirming that a
single receiver is sufficient for reliable temporal segmentation.

Figure summarizes the two ablation dimensions side by side. Panel (a)
shows the monotonic gain in Test Acc and mloU as the training window grows
from T = 500 to T' = 1500; panel (b) shows the per-metric improvement when
the spatial diversity is extended from one receiver to three.
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- 7 +30.72pp 79.14%

I

- SIS+ 11 4300 9 95.45%
_— | U—
- ///W%+6.07pp mio 85.62%
T=500 W////////SQJl% Test Acc 04.72%

|
0 25 50 75 100 0 50 100
Score (%) Score (%)
Test Acc 777 mloU 1RX B 3RX v

(a) Effect of training window size (b) Impact of spatial diversity: 1RX
T on Test Accuracy and mloU (all versus 3RX across all four test-set
other settings fixed, 3RX). Annota- metrics (T' = 1500). Annotations
tions show the gain relative to the show the absolute gain of the 3RX
T = 500 baseline; T' = 1500 is the configuration.

chosen configuration (v).

Figure 6.6: DopplerTAS ablation study.

6.2.4 Discussion

The 96.70% frame accuracy achieved by DopplerTAS (3RX, T' = 1500) is not-
able for two reasons.

First, the improvements were obtained without any architectural changes;
only the training window size was increased. This indicates that the BiLSTM
model capacity was never the bottleneck: the model was always capable of
discriminating the 11 activity classes given sufficient temporal context.

Second, the Doppler representation is inherently position-invariant. Because
Doppler frequency shifts depend on radial velocity rather than absolute position
in the room, the model generalizes across recording sessions without requiring
any position-aware calibration. This contrasts with models trained on raw CSI
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amplitude, where the spatial distribution of the subject relative to the antenna
array varies between sessions and introduces covariate shift.

The 3RX vs. 1RX ablation reveals a surprisingly small performance gap
between receiver configurations. All metrics remain high for the 1RX con-
figuration, with frame accuracy rising by only 1.98 pp. This suggests that a
single-receiver deployment is a viable practical option: the dominant driver of
position invariance is the antenna-conjugation operation, not the number of
receivers. The 94.72% single-receiver accuracy is only slightly below the three-
receiver result, making single-receiver deployment attractive for scenarios where
hardware cost or installation simplicity is a priority.

Despite the high accuracy, the training dynamics also reveal a discernible
degree of overfitting. By the final epoch (200/200) training loss had decreased
to 0.0036 — a near-zero plateau — while validation loss remained at 0.31, an
approximately 85-fold gap. Training accuracy reached 99.85% while the best
validation accuracy was 97.08%, achieved at epoch 188; the remaining 12 epochs
produced no further improvement on the validation set. In this experiment
best-checkpoint selection already mitigates the effect: the reported test result
of 96.70% is evaluated from the epoch-188 checkpoint rather than the final
model. Nevertheless, the loss divergence indicates that training resources are
being spent on further memorization long after generalization has saturated.
Future work could replace the fixed 200-epoch schedule with early stopping tied
to validation loss, or explore stronger regularization — increased dropout in
the recurrent layers and additional weight decay — to slow loss divergence and
potentially reach the validation optimum at a lower loss level.

Figure [6.7] places DopplerTAS in the context of the three baselines evalu-
ated on WiPos. WiFiTAD produces no dense per-frame output and therefore
cannot report frame accuracy or mloU; those two cells are marked “n/a”. All
other metric-model combinations are valid. On the two metrics shared by the
dense classifiers — frame accuracy and mIoU — DopplerTAS (96.7% / 90.4%)
improves substantially over the best baseline, the Wi-Monitor model (60.4%
48.4%), confirming the advantage of the position-invariant Doppler representa-
tion. On the proposal-level metrics, DopplerTAS achieves mAP@0.7 = 90.3%
and Segmental F1 = 85.1%, far exceeding every baseline on both measures.

6.2.5 DopplerTAS on Wi-Monitor Dataset

To assess whether the Doppler feature pipeline generalizes beyond the WiPos
dataset, we trained DopplerTAS from scratch on the Wi-Monitor dataset, where
all experimental settings, such as architecture, optimizer, and loss function, were
kept identical to the WiPos 3RX run.

At epoch 117 a validation accuracy of 85.34% had been reached. Table
reports the full test-set metrics.

DopplerTAS achieves 82.15% frame accuracy and 65.22% mloU on the Wi-
Monitor dataset. Compared with the native Wi-Monitor model (Section ,
which achieves 89.49% accuracy on the same data, DopplerTAS trails by 7.33
pp- One factor plausibly accounts for this gap: DopplerTAS’s architecture and
key hyperparameters were tuned on WiPos data and applied to Wi-Monitor
without re-optimization; the native Wi-Monitor model is purpose-built and
tuned for that distribution. Despite this gap, the result demonstrates that the
DopplerTAS pipeline is hardware-agnostic in the sense that it can be retrained
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Figure 6.7: WiPos test-set results for all four models. Each panel shows one
metric; the hatched “n/a” cells for WiFiTAD in the Acc and mIoU panels in-
dicate that WiFiTAD produces no dense per-frame output and therefore cannot
report those metrics. WM = Wi-Monitor, WT = WiFiTAD, TWF = TW-Finch,
DT =DopplerTAS (3RX, T' = 1500).

on different data and achieve competitive performance without any architectural
changes.

6.3 Validation on Joint Activity Recognition and
Localization

To validate the quality and utility of our motion capture labels on a task bey-
ond temporal segmentation, we evaluate the derivative activity recognition and
localization dataset (described in Section using the ARIL model architec-
ture [54]. This experiment serves two purposes: (1) demonstrating that the
position labels extracted from motion capture data are sufficiently accurate to
train a localization model, and (2) exploring the behavior of WiFi CSI-based
recognition under a within-session evaluation protocol.
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Table 6.8: DopplerTAS test-set metrics on the Wi-Monitor dataset (T' = 1500;
early-stopped at epoch 117).

Metric Value
Frame Accuracy 82.15%
mloU 65.22%
mAP (@0.7) 76.64%

Segmental F1 (Q0.5) 73.61%
Seg. IoU Symmetric 85.02%
Boundary F1 (tol=50) 76.04%

6.3.1 Experimental Setup
Model Architecture

We adopt the 1D ResNet architecture from the original ARIL work [54], with
layer configuration [1,1,1,1] using BasicBlock. The model has two output heads:

e Activity head: 8-class softmax classifier
e Position head: 16-class softmax classifier

The input is CSI amplitude of a single receiver antenna, yielding a tensor of
shape (56,700) — 56 subcarriers x 700 time-steps. Antenna 0 of the middle
receiver is selected; using a single antenna (rather than concatenating all four)
keeps the input dimensionality consistent with the original ARIL formulation
and reduces model complexity. Both heads are trained jointly with cross-entropy
loss.

Train/Test Split

We use a random window-level split: windows are shuffled and assigned to
train (80%), validation (10%), and test (10%) sets independently of the record-
ing session they originate from. This yields:

e 4.656 windows in the training set
e 518 windows in the validation set

e 575 windows in the test set

Because windows from the same recording session can appear in both training
and test sets, this protocol does not evaluate cross-session generalisation. The
reported accuracy therefore reflects within-session performance, which is an up-
per bound on the true generalisation ability of the model. A session-held-out
evaluation is discussed in Section [6.3.31

Normalization

Z-score normalisation is applied across all training examples per channel and
propagated to the validation and test folds.
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Training Configuration

e Optimizer: Adam, learning rate 0.005
e LR schedule: MultiStepLR, decay by 0.5 every 10 epochs
e Batch size: 128

e Epochs: 200

6.3.2 Results

Table [6.9 shows accuracy on both tasks at key epochs; the best validation activ-
ity accuracy occurred at epoch 163.

Table 6.9: ARIL Model Accuracy — Train vs. Validation (Random Window-
Level Split).

Epoch Activity Train Activity Val Position Train Position Val

0 14.3% 14.9% 29.6% 30.9%
10 31.8% 29.0% 68.2% 67.8%
30 65.5% 55.0% 88.7% 81.3%
80 91.0% 62.2% 97.3% 87.5%
163 91.6% 62.7% 97.8% 86.7%
199 92.2% 60.6% 97.4% 86.1%

Table 6.10: Final Test Performance (Epoch 200).

Task Test Accuracy Chance Level
Activity Recognition (8 classes) 57.0% 12.5%
Indoor Localization (16 classes) 87.7% 6.25%

6.3.3 Analysis

Within-session performance. The model reaches approximately 92% train-
ing accuracy and 63% validation accuracy on activity recognition, with a smaller
gap on localization (97% vs. 87%). The narrower train—val gap compared to a
session-held-out evaluation is expected: windows from the same session share
channel characteristics, so part of what the model has memorized transfers trivi-
ally to held-out windows from the same session.

Task difficulty disparity. Localization (87.7% test) substantially outper-
forms activity recognition (57.0% test), despite having twice as many classes (16
vs. 8). This is consistent with the hypothesis that spatial position creates stable,
position-dependent multipath signatures that the model can exploit, while activ-
ity variations within a position are subtler and more session-dependent.
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Label quality validation. Both tasks comfortably exceed random chance
(12.5% and 6.25% respectively). The 87.7% localization accuracy under the
random split, and the strong learning curve visible in Table indicate that
the motion capture-derived position labels are spatially accurate and temporally
aligned with the CSI data.

Caveat: within-session data leakage. Because the random split does not
respect session boundaries, the test accuracy is not a reliable measure of gen-
eralisation to new recording sessions. When the same protocol is evaluated
with a session-held-out split (i.e. no session overlap between train and test),
activity recognition degrades substantially, which is consistent with the well-
known session-dependent nature of WiFi CSI. The localization task degrades
less severely because coarse position signatures are more stable. Addressing
cross-session generalisation requires domain-adaptation techniques or consider-
ably more diverse training data.

6.3.4 Comparison to Temporal Segmentation

ARIL is the only model in this chapter that is not a temporal segmentation
method: it was included as a dataset validation experiment — specifically to
validate the motion-capture-derived position labels — rather than to benchmark
segmentation performance. Unlike every other model evaluated here, which
must infer activity boundaries from a continuous CSI stream, ARIL receives pre-
segmented windows with known boundaries. This task formulation difference is
why it is compared separately rather than alongside the temporal segmentation
results; the within-session activity recognition accuracy of 57% is nevertheless
instructive: even when windows from the same session appear in both folds,
activity classification is harder than localization, highlighting the richness of
spatial information encoded in CSI and the relative subtlety of activity-induced
channel variation.

6.3.5 Summary

The primary finding of the ARIL experiment is that the motion-capture-derived
position labels are high quality: the 87.7% localization accuracy confirms that
the labels are spatially accurate and temporally aligned with the CSI data.

Activity recognition reaches only 57% under the same within-session split. In-
spection of the per-class confusion matrix reveals that the errors are not evenly
distributed: two activity clusters account for the majority of misclassifications.
The first is {squat, jumping jack, jump}, three activities that all involve rapid
whole-body vertical displacement and are frequently predicted as one another.
The second is {boxing, stir a pot, raising left arm}, three activities that share a
repetitive upper-arm oscillation pattern. This is a fundamentally harder inter-
class discrimination problem than the original ARIL benchmark, which distin-
guishes six geometrically distinct hand gestures (up, down, left, right, circle,
Cross).
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Chapter 7

Discussion

This chapter reflects on the key findings from the dataset creation, benchmark-
ing evaluation, and DopplerTAS model, discusses the limitations of this work,
and contextualises within the broader WiFi sensing landscape.

7.1 Key Findings

7.1.1 Dataset Quality and Annotation Precision

The most fundamental design choice in WiPos is the use of motion capture as the
ground-truth source for temporal labels. Unlike the video-based labeling used
in prior datasets (see Section , boundaries in WiPos are derived accurately
from body-marker motion capture data sampled at 960 Hz, using a specifically
designed annotation tool, reducing annotation error to the millisecond scale.
The consequence is directly observable in the ARIL localization experiment:
the localization achieves 87.7% accuracy across 16 spatial classes, indicating
that the position labels are precise enough for the model to learn clean spatial
signatures. Labels that were temporally or spatially imprecise would produce
blurred class boundaries and decrease this accuracy.

The continuous recording protocol — randomized activity order, variable dur-
ations of 3-10 s, no pauses between activities — also proved consequential.
Models that rely on amplitude thresholds to detect activity onset (implicitly
assuming brief silence between activities) fail on WiPos because no such silence
is present. This design choice faithfully reflects real-world deployment scenarios
and separates models that have genuinely learned temporal dynamics from those
that exploit inter-activity gaps.

7.1.2 Model Performance Characteristics

The most striking result from the benchmarking evaluation is the consistent
degradation all three baseline models exhibit when moving from their native
datasets to WiPos. The Wi-Monitor model drops from 89.48% to 60.42% frame
accuracy; WiFiTAD’s mAP@O0.7 falls from 92.08% to 35.66%; TW-FINCH drops
from 59.85% to 52.29%. These drops across three different architectures —
supervised dense classification, proposal-based detection, and parameter-free
clustering — rules out model-specific explanations and points instead to a shared
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input characteristic: all three models operate on raw CSI amplitude, which
encodes the multipath channel jointly as a function of motion and position.
When subjects move freely across 16 positions, the same activity at different
positions produces different amplitude patterns, constituting a covariate shift
that amplitude-based models cannot overcome without positional supervision.

DopplerTAS directly addresses this by operating on Doppler features derived
from the time-differential phase. Because Doppler shifts measure radial velocity
rather than path length, they are largely position-independent, and the model
achieves 96.70% frame accuracy on WiPos — 30 percentage points above the
best amplitude-based baseline. This demonstrates that representation choice,
not model capacity, was the constraint: the three-layer BILSTM is architectur-
ally simpler than the ResNet-2D + TCN of the Wi-Monitor model, yet substan-
tially outperforms it on this dataset.

Two ablations clarify which design dimensions matter most (Tables and
. The window ablation shows that temporal context is the dominant design
variable: each 250-frame increase reliably improves accuracy, with the full T'=
500 — T = 1500 range spanning a 20.5 pp gain. The receiver ablation reveals
the opposite: restricting to a single receiver costs only 1.98 pp, confirming that
the dominant driver of position invariance is the antenna-conjugation operation
rather than spatial receiver diversity.

7.1.3 Insights Enabled by the Benchmarking Framework

Several findings were only possible because the evaluation was conducted through
a standardized framework:

e Fair comparison reveals shared root cause. Because all three
baselines were trained and evaluated with identical preprocessing pipelines,
data splits, and metrics, the consistent WiPos accuracy drop cannot be
attributed to different normalization choices or evaluation protocols. The
framework’s standardized conditions transform an observation into a con-
trolled finding: the drop is caused by position-induced covariate shift, not
experimental variation.

e Different metrics expose different failure modes. WiFiTAD
achieves mAP@O0.7 = 92% on the Wi-Monitor dataset while its Segmental
F1 is near zero; the Wi-Monitor model achieves 88% frame accuracy but
produces no proposal-level detections. Without a framework computing
all four metrics consistently, these complementary failure modes remain
hidden behind single-metric comparisons.

e Preprocessing isolation: The framework’s configurable preprocessing
pipeline makes it possible to test different normalization strategies without
changing any other part of the evaluation protocol, isolating their indi-
vidual contribution.

e Reproducibility. Fixed random seeds in the data-splitting and training

loops mean that all results in thesis thesis can be reproduced exactly from
the same codebase and configuration files.
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7.1.4 Implications for Future Research

Dataset design. Based on the WiPos collection experience and the experi-
mental results, we recommend three design priorities for future CSI segmenta-
tion datasets: (1) motion-capture or equivalent high-rate ground truth for an-
notation rather than video labeling, (2) continuous activity sequences without
artificial static transitions, and (3) spatial diversity through either free subject
movement or systematic position variation, to prevent models from learning
position-specific channel signatures.

Evaluation practices. The divergence between mAP and frame accuracy in
this work shows that reporting a single metric is insufficient for temporal seg-
mentation. Proposal-based metrics (mAP) capture localization quality; dense-
prediction metrics (frame accuracy, mloU) capture classification completeness;
boundary-level metrics (Boundary F1) capture onset and offset precision. A
complete evaluation should include at least one metric from each category.

Model design. The success of DopplerTAS suggests that position-invariant
feature representations should be a design concern for any model intended to
operate in free-movement environments. The strong performance dependence on
training window size further suggests that future architectures should prioritize
long-range temporal modeling, whether through larger windows, hierarchical
encoders, or attention mechanisms.

7.2 Limitations

While this work provides foundational infrastructure for WiFi-based activity
segmentation research, several limitations should be acknowledged.

7.2.1 Dataset Scope and Diversity

Environmental Constraints The dataset was recorded in a controlled labor-
atory environment with an empty recording space free of furniture and obstacles.
This setting does not reflect realistic deployment scenarios where WiFi sig-
nals interact with complex indoor environments including walls, furniture, and
other reflective surfaces. The multipath propagation characteristics in furnished
homes, offices, or care facilities differ substantially from the laboratory setup,
potentially limiting the generalizability of models trained exclusively on this
dataset.

Limited Participant Diversity The dataset comprises recordings from one
subject. This limited participant pool does not capture the full range of inter-
subject variability in body dimensions, movement styles and activity execution
speeds in real-world population. Models trained on this dataset may not gener-
alize well to individuals with significantly different characteristics.

Activity Vocabulary The dataset includes ten distinct activities selected to
span fine-grained and coarse-grained motion types. However, realistic monitor-
ing scenarios involve broader activity vocabularies, including activities of daily
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living (cooking, cleaning, eating), transitions between rooms, and multi-person
interactions. The current activity set provides a foundation for segmentation
research but does not encompass the full complexity of real-world behavior.

Single-Environment Recording All recordings were conducted in a single
laboratory room with fixed transmitter and receiver positions. Cross-
environment generalization — a critical requirement for practical deployment —
cannot be thoroughly evaluated with this dataset. Different room geometries,
sizes, and materials produce distinct CSI characteristics, and models may overfit
to the specific propagation environment of the recording space.

7.2.2 Hardware and Data Collection
Hardware Configuration The dataset employs a specific hardware setup:
e Transmitter: Single antenna on USRP NI USRP-2954R

e Receivers: Three custom-mounted receivers, each with four antennas
spaced 2 cm apart to produce useful phase differences for CSI sensing

e CSI characteristics: 114 subcarriers per antenna, sampled at 1000 Hz
e Video: Phone camera at 30 fps, side view

e Motion Capture: PhaseSpace Impulse X2E system at 960 Hz using
active LED markers on a body suit and transmit/receive antenna locations

This configuration differs from typically commodity WiFi deployments in sev-
eral ways. The 1000 Hz CSI sampling rate substantially exceeds the 10-100 Hz
rates common in existing datasets and the capabilities of many commercial WiFi
chipsets. The custom antenna spacing and USRP-based transmission provide
research-grade signal quality but may not reflect the characteristics of consumer
routers. Models trained on this high-rate, high-quality data may not transfer
directly to lower-rate commodity hardware.

7.2.3 Benchmarking Framework Scope

The Breaking-CSI framework currently integrates three baseline segmentation
models: Wi-Monitor, WiFiTAD, and TW-FINCH. While these architectures
represent supervised dense classification, proposal-based detection, and unsu-
pervised clustering respectively, many relevant model families — transformer-
based temporal models, graph neural networks, contrastive self-supervised meth-
ods, and multi-modal fusion architectures — are not included. The evaluation
therefore characterizes a representative cross-section of approaches rather than
a comprehensive survey. Adding further models following the framework’s base-
class integration procedure is straightforward, but faithfully porting and verify-
ing each model is non-trivial.

The framework computes four primary metrics (frame accuracy, mIoU, mAP
at IoU 0.7, and Segmental F1 at ToU 0.5). Other metrics used in temporal seg-
mentation research — edit distance, segmental F1 at multiple overlap thresholds,
and normalized Levenshtein distance — are not currently implemented. The
chosen metrics balance comprehensiveness with interpretability but do not cap-
ture every aspect of segmentation quality.
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7.2.4 General CSI-Based Segmentation Limitations

Beyond limitations specific to this work, WiFi-based activity segmentation faces
inherent challenges:

Environmental Sensitivity WiFi CSI encodes the full indoor propagation
environment: signal paths reflect off walls, furniture, and the subject’s body,
so even small changes in room configuration can alter the CSI patterns asso-
ciated with a given activity. A model trained in one room may not transfer
reliably to another, even if the hardware setup and activities are identical. This
environment-specificity has been widely recognized as a fundamental obstacle
for deployment of WiF1i sensing systems [67, 36, [44]. Several works have attemp-
ted to address it via domain adaptation and environment-independent feature-
engineering [26, (9], but cross-environment remains an open challenge for prac-
tical deployment.

Single-Person Assumption All models evaluated in this thesis, including
DopplerTAS, assume a single person is present in the sensing area. In prac-
tice, multiple people produce overlapping Doppler contributions and overlapping
amplitude variations that violate this assumption. The multi-person case has
been identified as key open challenge across the WiFi sensing literature [23, 2],
and dedicated solutions remain an active research direction [19] [43].
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Chapter 8

Conclusion and Future
Work

This chapter summarizes the contributions of this thesis, answers the research
questions posed in Chapter [1] and outlines directions for future work.

8.1 Summary of Contributions

This thesis addressed the infrastructure gap hindering WiFi-based activity seg-
mentation research through three complementary contributions: a high-precision
multimodal dataset, a standardized benchmarking framework, and a position-
invariant segmentation model. Together, these span data collection, annotation
methodology, evaluation infrastructure, and signal representation:

8.1.1 High-Precision, Multimodal Dataset

A novel CSI-based activity dataset was created with several distinguishing char-
acteristics:

e Motion capture-based annotation: Leveraging synchronized
PhaseSpace motion capture data enabled millisecond-accurate temporal
labels, substantially exceeding the precision of manual video labeling (£33-
100 ms) used in existing datasets.

e Continuous activity sequences: Unlike existing datasets consisting of
isolated activity clips, recordings contain continuous 60-second sequences
with randomized activity ordering and variable durations (3-10 s), reflect-
ing realistic segmentation scenarios with natural transitions.

e Data synchronization: Precise temporal alignment of WiFi CSI
(1000 Hz) and motion capture (960 Hz) enables frame-accurate activity
boundary annotation and direct correlation between motion dynamics and
CSI measurements.

e Spatial diversity: Systematic variation of recording positions across 16
floor markers prevents location-specific overfitting and encourages spatial
generalization.
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e High sampling rate: 1000 Hz CSI sampling captures fine-grained tem-
poral dynamics, enabling research on high-rate sensing and providing a
reference for studying sampling rate requirements.

The dataset comprises 210 recordings of one subject performing ten activities
(five fine-grained, five coarse-grained), totaling 3.5 hours of data.

8.1.2 Annotation Infrastructure

A custom annotation tool was developed to enable precise manual labeling of
activity boundaries:

e Multi-modal display: The tool loads synchronized video, motion cap-
ture, and CSI data for a recording and presents them in a unified interface,
showing the video feed, a 3D motion capture plot, and a shared timeline
simultaneously.

e Frame-accurate manual annotation: Annotators mark the start and
end boundaries of each activity by navigating frame by frame through
the timeline, allowing precise placement of labels tied directly to observed
motion.

8.1.3 Unified Benchmarking Framework

A standardized evaluation framework was developed to enable fair comparison
of segmentation methods:

e Standardized data formats: Unified input/output formats enabling
plug-and-play integration of different models

e Preprocessing pipelines: Implementations of four CSI normalization
strategies — automatic gain control (AGC), global min-max normaliz-
ation, global z-score normalization, and per-packet phase detrending —
configurable per model and dataset.

e Consistent evaluation: Fixed train-test splits, deterministic random
seeds, and standardized metrics (accuracy, mloU, mAP, F1) ensuring re-
producible comparisons.

e Model implementations: Three baseline models integrated — Wi-
Monitor (dense CNN classifier), WiFiTAD (proposal-based detection),
and TW-FINCH (unsupervised clustering) — alongside the proposed Dop-
plerTAS model, covering supervised dense classification, temporal detec-
tion, and unsupervised approaches.

e Comprehensive logging: Automated recording of all experimental
parameters, enabling full reproducibility.

The framework reduces barriers to entry for segmentation research and en-
ables systematic assessment of algorithmic progress.
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8.1.4 DopplerTAS: A Position-Invariant Segmentation Model

To address the position-dependence of raw CSI amplitude, a dedicated temporal
activity segmentation model was designed that operates on Doppler features
derived from time-differential CSI phase:

e Position-invariant representation: By computing Doppler power spec-
tra from the conjugate product of consecutive CSI samples, the input fea-
tures capture motion-induced velocity rather than absolute channel state,
making them substantially less sensitive to the subject’s position in the
room.

e Multi-receiver fusion: The three-receiver configuration stacks nine in-
dependent Doppler channels (three antennas per receiver), encoding com-
plementary spatial perspectives on human motion.

e Temporal modeling: A BiLLSTM processes the Doppler spectrogram
sequence across a long temporal context window, enabling the model to
integrate motion dynamics over time for reliable boundary detection.

8.1.5 Empirical Insights

Benchmarking three state-of-the-art segmentation models on WiPos produced
several concrete findings. DopplerTAS, the proposed Doppler-informed tem-
poral action segmentation model, achieves 96.70% frame accuracy and 90.43%
mloU on the three-receiver configuration with a window length of " = 1500, out-
performing the strongest baseline (Wi-Monitor) by approximately 36 percentage
points in accuracy. All three baselines exhibit a substantial performance drop
when transferred from their native datasets to WiPos, confirming that WiPos is
a genuinely challenging benchmark. Ablation experiments demonstrate that re-
ceiver count and temporal context both have large effects: adding two additional
receivers increases accuracy by only 1.98 pp (94.72% — 96.70%), demonstrat-
ing that the antenna-conjugation operation, not receiver count, is the primary
mechanism for position invariance; extending the window from 7" = 500 to
T = 1500 produces a larger 20.5 pp gain, validating the importance of long
temporal context as the dominant design decision in DopplerTAS.

8.2 Research Questions Answered

This section revisits the research questions posed in Section [[.2]and summarizes
how this work addresses them.

RQ1: What dataset characteristics are required to support rigor-
ous temporal activity segmentation research with WiFi CSI? Existing
datasets often lack three properties critical for temporal segmentation: precise
activity boundary labels, continuous multi-activity recordings, and systematic
spatial diversity. This work established that millisecond-accurate boundaries
require a ground-truth motion signal independent of the CSI itself; video-based
labeling introduces ambiguities on the order of tens to hundreds of milliseconds
that are incompatible with fine-grained boundary evaluation. Continuous re-
cordings are necessary because isolated clip datasets do not expose models to
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transition segments or variable-duration activities. Spatial diversity prevents
models from exploiting position-specific CSI patterns that do not reflect the
underlying activities. WiPos was designed accordingly: boundary labels are
derived from motion capture marker velocities, each recording is a continuous
60-second sequence, and data were collected at 16 distinct floor positions across
three receivers.

RQ2: How can a benchmarking framework provide fair and reprodu-
cible evaluation of activity segmentation models on WiFi CSI data?
Fair comparison requires that all models receive identically preprocessed data,
are evaluated on the same fixed splits, and are assessed with the same set of
metrics. The Breaking-CSI framework achieves this through: a unified parquet-
based data format that decouples preprocessing from model code; configurable,
reproducible normalization pipelines (AGC, global min-max, global z-score, and
per-packet phase detrending) applied identically to every model; fixed training-
validation-test splits with deterministic random seeds; and a standardized four-
metric evaluation suite (frame accuracy, mIoU, mAP at IoU 0.7, Segmental F1
at ToU 0.5). These design decisions eliminate the factors responsible for the
incomparable results common in prior work.

RQ3: What evaluation methodology best captures the quality of tem-
poral activity segmentation? No single metric captures all relevant aspects
of segmentation quality. Frame accuracy measures per-sample correctness but
is dominated by long segments and does not penalize temporal boundary er-
rors. Mean IoU penalizes both over-segmentation and under-segmentation at
the segment level and scales naturally to unequal activity durations. mAP at
IoU 0.7 assesses whether individual segment proposals are precise enough to be
considered correct detections, imposing a strict localization requirement. Seg-
mental F1 combines precision and recall over matched segments and provides
and aggregate measure of detection quality. Together, the four metrics ex-
pose complementary failure modes: a model may achieve high frame accur-
acy through a few large correct segments while performing poorly on mAP, or
achieve moderate accuracy while producing well-localized boundaries reflected
in high Boundary F1. The experiments confirm that these metrics produce
meaningfully different rankings across models, justifying their use.

RQ4: Can Doppler features derived from CSI phase enable position-
invariant activity segmentation? Yes. The benchmarking evaluation es-
tablishes that all three baselines suffer a consistent accuracy drop when evalu-
ated on WiPos — where a subject performs activities at 16 distinct positions —
compared to their native datasets, confirming that position-induced covariate
shift is the dominant challenge.

DopplerTAS addresses this by precomputing Doppler spectra from the time-
differential CSI phase before any network processing.

Because Doppler shifts measure radial velocity rather than absolute path
length, the resulting features are substantially less sensitive to the subject’s
position in the room, though they are not fully position-invariant: the radial
projection of a given motion changes with the subject’s angle to the antenna
array, so some position-dependence remains.
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On the three-receiver WiPos configuration with window length 7' = 1500,
DopplerTAS achieves 96.70% frame accuracy — more than 36 percentage points
above the strongest baseline on WiPos. Because DopplerTAS differs from the
baselines in both representation (Doppler vs. amplitude) and architecture (BiL-
STM vs. ResNet-TCN or proposal-based detection), the contribution of each
factor cannot be fully isolated without a controlled ablation — such as apply-
ing the Doppler representation to an amplitude-based model — which is left as
future work. The results are nonetheless consistent with the hypothesis that
the Doppler representation is the primary driver of the improvement on the
spatially diverse WiPos dataset.

8.3 Future Work

Several directions extend this work toward more comprehensive and practical
WiFi-based activity segmentation:

8.3.1 Dataset Expansion

Increased Participant Diversity Expanding the dataset to include more
subjects would improve generalization and enable evaluation of inter-subject
variability.

Multi-Environment Recording Collecting data across multiple rooms with
varied geometries, furniture arrangements, and materials would enable assess-
ment of cross-environment generalization-critical for practical deployment.
Maintaining the same annotation precision and hardware setup across environ-
ments would provide controlled comparison.

Expanded Activity Vocabulary Incorporating activities of daily living
(cooking, cleaning, eating), transitional activities (sitting down, lying down),
and multi-person scenarios would increase ecological validity and application
relevance.

Longer Recording Sessions Extending recording duration beyond 60
seconds to multi-minute or even hour-long sessions would better reflect continu-
ous monitoring scenarios and enable study of long-term temporal dependencies.

8.3.2 Evaluation Methodology Refinement

Additional Metrics Incorporating metrics such as edit distance (sequence-
level similarity), segmental F1 at multiple overlap thresholds, and boundary F1
would provide more nuanced evaluation of segmentation quality.

Cross-Dataset Evaluation Evaluating models across multiple CSI data-
sets would assess generalization beyond single-dataset performance and identify
dataset-specific biases.
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8.4 Closing Remarks

WiFi-based activity segmentation stands at an inflection point: the underly-
ing sensing technology is widely deployed and the signal processing toolchain
is well-understood. What the field has lacked is the research infrastructure
needed to measure progress rigorously. This thesis addresses that gap along
three dimensions.

The WiPos dataset provides a controlled, precisely annotated benchmark on
which segmentation methods can be evaluated with millisecond-accurate la-
bels and without the naivety of isolated-clip setups. The Breaking-CSI frame-
work ensures that evaluations on WiPos are reproducible and comparable across
models, removing the confounds that have made prior results difficult to inter-
pret. DopplerTAS demonstrates that purpose-built architectures which respect
the multipath, Doppler-rich nature of the CSI signal can substantially outper-
form general temporal segmentation models, achieving a 30 percentage-point
improvement over the strongest baseline on the WiPos dataset.

Together, these contributions establish a foundation on which subsequent
work can build: new models can be registered into Breaking-CSI and evaluated
against the same splits and metrics; the dataset can be extended with additional
participants or environments while maintaining the same annotation pipeline;
and the empirical results provide a calibrated starting point for understanding
which aspects of the problem remain unsolved. The most important of these —
cross-environment generalization, multi-person scenarios, and real-time deploy-
ment — are left as open problems, but they are now open problems that can be
measured.
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Appendix A

Motion capture marker
labeling scheme
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Table A.1: Motion capture marker labeling scheme.

Each of the 64 LED

markers is assigned a unique identifier and anatomical label corresponding to
its placement on the body suit.

ID Label ID Label

0 HAT_TOP 32 LEFT_HIP_FRONT_SIDE_TOP
1 HAT_RIGHT_EAR_FRONT 33 LEFT_HIP_FRONT

2 HAT_RIGHT_EYE 34 LEFT_HIP_SIDE_BOTTOM
3 HAT_LEFT_EYE 35 LEFT_.UPPER_LEG_SIDE

4 HAT_LEFT_EAR_FRONT 36 LEFT_.UPPER_LEG_FRONT
5 RIGHT_SHOULDER 37 LEFT_KNEE_SIDE

6 NECK_FRONT 38 LEFT_KNEE_FRONT

7 LEFT_SHOULDER 39 LEFT_ANKLE_SIDE

8 RIGHT_UPPER_ARM 40 LEFT_ANKLE_FRONT

9 RIGHT_ELBOW_TOP 41 LEFT_FOOT
10 RIGHT_ELBOW_FRONT 42 RIGHT_LOWER_LEG_SIDE
11  RIGHT_WRIST_SIDE 43 LEFT_LOWER_LEG_SIDE
12 RIGHT_WRIST_FRONT 44 HAT_LEFT_EAR_BACK
13 RIGHT_HAND 45 HAT_BACK
14 LEFT_UPPER_ARM 46 HAT_RIGHT_EAR_BACK
15 LEFT_ELBOW_TOP 47 NECK_BACK_MIDDLE

W W RN DNDNDNDNDDNDNDNDN DN — = =
— O © 00O Utk W O OO

LEFT_ELBOW_FRONT
LEFT_WRIST_SIDE
LEFT_WRIST_FRONT
LEFT_HAND
CHEST_UPPER
CHEST_LOWER
RIGHT_HIP_SIDE_TOP
RIGHT_HIP_SIDE_BOTTOM
RIGHT_HIP_FRONT
RIGHT_UPPER_LEG_SIDE
RIGHT_UPPER_LEG_FRONT
RIGHT_KNEE_SIDE
RIGHT_KNEE_FRONT
RIGHT_ANKLE_SIDE
RIGHT_ANKLE_FRONT
RIGHT_FOOT

48
49
50
51
52
53
54
55
56
57
58
59

61
62
63

LEFT_ELBOW_BACK
LEFT_WRIST_BACK
RIGHT_ELBOW_BACK
RIGHT_THIGH_UPPER
BACK_MIDDLE
BACK_LOWER
LEFT_HIP_BACK
RIGHT_HIP_BACK
LEFT_UPPER_LEG_BACK
RIGHT_UPPER_LEG_BACK
LEFT_KNEE_BACK
RIGHT_KNEE_BACK
RIGHT_ANKLE_BACK
LEFT_ANKLE_BACK
NECK_RIGHT_EAR
NECK_LEFT_EAR
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Appendix B

Dataset and Model
Integration

B.1 Dataset Integration

Integrating a new dataset into the Breaking-CSI framework involves convert-
ing the dataset’s original format into the standardized representation described
in Section This section briefly outlines the integration process and key
considerations.

B.1.1 Porting Process

To add a new dataset, researchers implement a porting script that performs the
following steps:

1. Load original data: Read the dataset from its original file format (e.g.,
‘mat‘, ‘.npy‘, ‘.csv', custom formats).

2. Extract CSI and labels: Extract CSI measurements and activity labels.
Labels may be stored as separate files, embedded within CSI data files, or
in various formats (integer indices, strings, one-hot encodings).

3. Convert to standard shape: Reshape CSI data to the common format
(timestamp, antennas, streams, subcarriers, 2) where the final di-
mension contains amplitude and phase. Convert labels to integer indices.

4. Save as Parquet: Store the converted data in Apache Parquet format
for efficient loading in subsequent experiments.

The framework provides base classes that define the required interface for
dataset loaders, and detailed porting instructions are available in the repository
documentation.

B.2 Model Integration

Integrating a new model into the framework requires adapting it to accept the
standardized input format. The integration involves:
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1. Modifying the model’s input layer to accept (timestamp, antennas,
streams, subcarriers, 2) shaped data

2. Implementing the framework’s model base class interface
3. Defining model hyperparameters in a configuration file

Once integrated, models can be trained and evaluated on any supported data-
set using the standardized pipeline. Detailed instructions are provided in the
repository documentation [37].
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