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The purpose of this research was to develop and investigate a method for real-time
lifestyle assessment, with the long-term goal of associating detected behaviours with-
menstrual cycle phases, eating habits and hydration. This was achieved by designing a
system for detecting health-related activities – eating, drinking and smoking – using a
custom ear-worn device equipped with an accelerometer. To account for confounding
behaviours, speaking and a generic “other activities” category were also included.
Fifteen prototype devices were built and tested in the laboratory, and nine were worn
by healthy volunteers for data collection.
Raw accelerometer signals were segmented into overlapping windows and processed
using topological data analysis (TDA) to extract shape-aware features. Time-delay em-
beddings were applied to transform signals into point clouds, from which persistence
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diagrams were computed using Vietoris-Rips and lower-star filtrations. Statistical
descriptors derived from these representations included entropy measures, lifetime
distributions, and topological complexity metrics.
On a dataset of 47 658 labelled windows collected from participants, a random forest
classifier achieved 89% balanced accuracy on a held-out test split. Results demon-
strate that TDA enables effective discrimination of mandibular and head movements
captured by an ear-worn sensor. The source code and feature definitions are publicly
available to support reproducibility.

1. Introduction

Human activity recognition (HAR) seeks to infer behaviours from sensor
data. Most solutions such as smartwatches, smartbands, smartrings track activities
connected to movement (physical activity), body signals (i.e., BBT, HRV) and their
combinations (indirect assessment of sleep patterns, stress). These activities are
common and clinically relevant for lifestyle and disease risk.

Previous work has linked dietary patterns [1, 2] and hydration [3, 4] with
morbidity and cognitive function, while smoking remains a leading preventable
cause of disease. Poor diet patterns contribute to approximately 11 million deaths
worldwide annually [5] and are associated with obesity, type 2 diabetes, and car-
diovascular disease [6–8]. Although the high energy intake is the most important
risk factor, also eating frequency and speed may be relevant variables to be fol-
lowed and considered [1, 2]. Research demonstrates that dietary self-monitoring
significantly improves long-term weight management [9]. This suggests that auto-
mated detection of eating frequency, speed, and timing could provide beneficial
behavioural feedback. Inadequate hydration impairs cognitive performance even at
mild dehydration levels (1–2% body water loss) [10] and increases risks of kidney
stones, dental problems [11, 12], and mortality [13, 14]. Both the amount of water
consumed and drinking frequency are considered important factors influencing
hydration [3, 4]. Smoking remains a leading preventable cause of disease, and
objective feedback systems – such as carbon monoxide biomarker monitoring –
have demonstrated efficacy in promoting cessation [15]. Research has shown that
self-reported smoking behaviours and cigarette counts are prone to recall bias,
particularly in individuals attempting to reduce or quit smoking [16].

The purpose of this research was to demonstrate that ear-worn accelerometer
can effectively capture the subtle mandibular and head movements that characterise
eating, drinking and smoking. Moreover, persistent homology features enable reli-
able discrimination between these activities.

In addition to eating, drinking and smoking, speaking also generates mandibu-
lar movements and produces acceleration patterns that partially overlap with those
of the target activities. Therefore, speaking was included as a separate activity
category in the classification, alongside a generic ”other activity” label.
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The proposed system uses a device for activity recognition to provide detailed
information on health-related behaviours and ultimately support timely interven-
tions to promote healthier lifestyles.

In this framework, we use persistent homology, a topological data analysis
(TDA) technique, as the method for classifying the ear-worn sensor signals. This
approach characterises the global structure of time-series by capturing patterns that
persist independently of noisiness and choice of temporal scale [17, chapter 59].
The topological features extracted via persistent homology offer complementary
information about structure of the signal that is difficult to obtain with traditional
time- or frequency-domain features [18]. Furthermore, these features are inherently
robust to noise, as persistent homology emphasises enduring patterns in the data
rather than transient fluctuations. In summary, our contributions are:

• a compact ear-mounted prototype for continuous temporomandibular joint
(TMJ) movements monitoring,

• a labelled dataset comprising >47k windows from nine participants,
• a TDA-based pipeline that transforms short segments into persistence-derived

features for multiclass classification.
This study is a part of a broader research and development initiative focused on

exploring the potential of wearable technology for health-related applications. The
overarching goal of the project was to develop a prototype wearable system capable
of continuously measuring physical activity in the temporomandibular joint, along
with other physiological parameters, to support fertility assessment and family
planning. It may also be used as a hydration assessment tool, particularly in older
adults. The system integrates hardware for signal acquisition and original software
employing machine learning to analyse the collected data.

2. Persistent homology and its graphical representations

Topology is a branch of mathematics concerned with the study of shapes
and, possibly, multidimensional, spatial structures. Topological data analysis is
a framework that applies these ideas to datasets, aiming to uncover geometric
structure that persist across scales and are robust to noise. Its conceptual foundation
was laid by Carlsson in his seminal paper Topology and Data [19], which discussed
a framework for using topological features – such as connected components, loops,
and voids – to extract meaningful information from complex datasets. However,
some of the core ideas underlying TDA, particularly persistent homology, were
developed earlier in the context of computational topology [20].

Two key methodologies in TDA are the Mapper algorithm (and its multiple
variants) and persistent homology. Mapper provides a simplified graphical sum-
mary of a high-dimensional dataset and has found applications in biomedicine,
where it has been used to identify subgroups of patients and disease pheno-
types [21]. In contrast, persistent homology focuses on computing topological
invariants across multiple scales to detect stable features such as loops or voids in
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data. These features are summarised in persistence diagrams or barcodes and offer
a noise-resistant, coordinate-free representation of the underlying data structure
(cf. Section 2.2).

Persistent homology is particularly well suited for time-series analysis [22, 23].
A common approach is to embed time-series data into higher-dimensional space
using sliding windows [22] – forming point clouds whose geometry captures dy-
namics of the signal. Persistent homology can then identify and quantify recurrent
behaviours, such as periodicity, by measuring persistence of loops in the embedded
space [24]. This approach has proven effective in revealing signal structure that
may not be evident through traditional methods.

In this paper, we adopt persistent homology to classify accelerometer signals
captured by our ear-worn device. Topological features derived from sliding window
embeddings serve as input to our machine learning models. This approach provides
a principled way to extract shape-based signal features that are invariant to small
deformations and robust to noise.

2.1. Homology theory

Homology is a classical and important concept in mathematics that dates back
to the last decade of the 19th century [25]. In its persistent variant, it is one of the
fundamental concepts of TDA. Here, we present its basic notions using simplicial
complexes as the basis for its definition (this version is thus called simplicial
homology).

2.1.1. Simplices and simplicial complexes

A simplex is a generalisation of geometric objects such as triangles and tetra-
hedra. They have several advantages over other types of ”building blocks”, e.g.,
have a clear geometric interpretation and work well with algebraic methods.

Definition 1 A 𝑘-simplex is a convex hull spanned by 𝑘 + 1 affinely independent
points 𝑣𝑖 ∈ R𝑚 and is denoted by:

𝜎 = [𝑣0, 𝑣1, ..., 𝑣𝑘] . (1)

Definition 2 A simplicial complex 𝐾 is a collection of simplices satisfying two
conditions:

1. if a simplex 𝜎 is in 𝐾 , then all faces of 𝜎 are also in 𝐾;
2. the intersection of two simplices in 𝐾 is either empty or a simplex contained

in 𝐾 .

2.1.2. Simplicial homology

To construct a simplicial homology groups, we need to endow a simplex with
orientation. The orientation of the 𝑘-simplex is given by ordering of the vertices
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in the simplex [𝑣1, 𝑣2, ..., 𝑣𝑘+1]. Two orderings can define the same orientation if
and only if they differ by an even permutation, thus there are only two possible
orientations of simplex. Each oriented simplex is equal to the negative of the simplex
with opposite orientation. Mathematically, it is stated as [𝑣1, 𝑣2, 𝑣3] = −[𝑣2, 𝑣1, 𝑣3] .

In simplicial homology, our aim is to identify cycles and determine whether
a given cycle bounds a collection of higher-dimensional simplices: if it does not,
we may intuitively think of the cycle as representing a “hole”. To formalise the
detection of such cycles in a simplicial complex, we use the concept of a simplicial
𝑘-chain, defined as follows.

Definition 3 A 𝑘-chain is a finite weighted sum defined on all 𝑘-simplices within
a complex 𝐾:

𝑁∑︁
𝑖=1

𝑐𝑖𝜎𝑖 , (2)

where 𝑐𝑖 ∈ Z and 𝑁 is the number of 𝑘-dimensional simplices. The set of 𝑘-chains
on 𝐾 is denoted by 𝐶𝑘 (𝐾). We use the short-hand notation 𝐶𝑘 (𝐾) = 𝐶𝑘 for a
given 𝐾 .

The boundary operator is a linear map that takes 𝑘-chains of a simplicial complex
to their corresponding (𝑘 − 1)-dimensional boundaries.

Definition 4 Let 𝑘 > 0 and 𝜎 = [𝑣0, 𝑣1, ..., 𝑣𝑘] be oriented 𝑘-simplex, viewed as
a basis element of 𝐶𝑘 . The boundary operator 𝜕𝑘 : 𝐶𝑘 → 𝐶𝑘−1 is defined by:

𝜕𝑘 (𝜎) =
𝑘∑︁
𝑖=0

(−1)𝑖 [𝑣0, 𝑣1, . . . , 𝑣𝑖−1, 𝑣𝑖+1, . . . 𝑣𝑘] . (3)

For 𝑘 = 0, we define 𝜕𝑘 = 0 by convention.

Because simplices forms a basis of𝐶𝑘 , the boundary operator 𝜕𝑘 can be defined
on simplices and extended to all 𝑘-chains, giving the linear map 𝜕𝑘 : 𝐶𝑘 → 𝐶𝑘−1.

Theorem 1 For any 𝑘-chain 𝑐𝑘 ∈ 𝐶𝑘 we have

𝜕𝑘−1(𝜕𝑘 (𝑐𝑘)) = 0. (4)

Let us focus on the most relevant information within the set of 𝑘-chains – two
geometrically motivated subgroups: cycles and boundaries. The quotient of these
subgroups provides the formal definition of a homology group.

Definition 5 The k-dimensional cycles are given by:

𝑍𝑘 = ker 𝜕𝑘 , (5)

where ker 𝜕𝑘 is the kernel of the operator 𝜕𝑘 .
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Definition 6 The boundaries are given by:

𝐵𝑘 = im 𝜕𝑘+1, (6)

where im 𝜕𝑘+1 is the image of the operator 𝜕𝑘+1.

Since composition of boundary operators is zero (see Theorem 1), we have
the inclusion 𝐵𝑘 ⊆ 𝑍𝑘 , which is fundamental property of the boundary group.
We also note that groups 𝐶𝑘 , 𝑍𝑘 and 𝐵𝑘 – up to isomorphism – do not depend on
orientation.
Definition 7 The 𝑘th-homology group 𝐻𝑘 is given by the quotient group:

𝐻𝑘 = 𝑍𝑘/𝐵𝑘 . (7)

In simple terms, the group 𝐻𝑘 is nonzero precisely when there exists 𝑘-cycles in the
complex that are not boundaries. Intuitively,𝐻𝑘 captures the distinct 𝑘-dimensional
“holes” in the complex.

2.2. Graphical summaries

Topological data analysis adapts homology theory for application to real-world
datasets. However, most datasets consist of discrete point clouds that inherently lack
topological properties such as connectedness or cycles. Therefore, the idea is to
consider each point along with its neighbourhood of a growing radius, and monitor
the properties of the union of such neighbourhoods rather than the points themselves
(see Fig. 1). For computational purposes, the neighbourhoods are then replaced by
their simplex counterparts defined below.

Definition 8 Let 𝐴 be a finite set in a metric space (𝑋, 𝑑). The Vietoris-Rips
complex of the set 𝐴 for a fixed 𝜀 > 0 is the simplicial complex with vertices
in 𝐴 such that the set {𝑎1, . . . , 𝑎𝑛} ⊆ 𝐴 is a simplex if 𝑑 (𝑎𝑖 , 𝑎 𝑗) < 𝜀 for every
1 ⩽ 𝑖, 𝑗 ⩽ 𝑛. We will denote it by R𝜀 .

As shown in Fig. 1, the points in the dataset are surrounded by their respective
balls, and then the centres of such balls are connected by a simplex if and only if the
distance is sufficiently small. Following this construction we obtain the Vietoris-
Rips complex. Obviously, the appearance of simplices is immediately related to the
size of 𝜀: the greater 𝜀 becomes, the less strict the criterion is, and the larger number
of simplices appear. Persistent homology describes how the homology of a space
changes as the scale parameter 𝜀 varies. Formally, it is obtained by applying the
homology functor from Definition 7 to the Vietoris-Rips filtration defined below.

Definition 9 Let (𝑋, 𝑑) be a metric space. The Vietoris-Rips filtration is a sequence
of Vietoris-Rips complexes (R𝜀)𝜀>0 such that

R𝜀0 ⊆ R𝜀1 ⊆ . . . ⊆ R𝜀𝑚 , (8)

where 𝜀0 < 𝜀1 < . . . < 𝜀𝑚.
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⊆ ⊆

R0.2 R0.4

⊆

R0.8 R0.9

Fig. 1. Example of filtration

It is useful to interpret the growing parameter 𝜀 as time: as time passes, the
complexes in the filtration change. More precisely, certain elements of homology
groups appear and disappear or, as is often said in TDA, are born and die.

The Vietoris-Rips filtration is a main mathematical tool that we use in this
paper to classify accelerometer data (cf. Section 3.3). From this filtration, one
typically produces topological summaries that represent the births and deaths of
homology classes associated with it. The most commonly used summaries are
persistence diagrams, persistence landscapes [26] and barcodes [27]. Here, we
focus on persistence diagrams, which we present in the following subsection

2.2.1. Persistence diagrams

Persistence diagrams (see Fig. 2) are topological summaries which we rely
on the most in this paper. They depict births 𝑏 and deaths 𝑑 of homology classes
presented in the form of points (𝑏, 𝑑) on the plane. Since 𝑏 < 𝑑 for every 𝑏, 𝑑, all
points of the diagram are stored above the diagonal 𝑑 = 𝑏. Formally, a persistence
diagram is a multiset, i.e., it allows multiple occurrences of points (𝑏, 𝑑), meaning
that certain homology classes are born at the same time 𝑏 and die at the same
time 𝑑.

2.2.2. Lower-star filtration

Persistence diagrams generated from the lower-star filtration is another ap-
proach to summarise topological properties. This method is applied to real-valued
functions rather than data clouds (it can also be extended to univariate time series
via interpolation, which is the case for the accelerometer data considered here).

Given a function 𝑓 : 𝑋 → R define the sublevel set of 𝑓 as

𝐴𝜀 ( 𝑓 ) = {𝑥 ∈ 𝑋 : 𝑓 (𝑥) ⩽ 𝜀}. (9)
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Fig. 2. An example of a point cloud generated from acceleration components of “drinking” event
(shown on the left) and the corresponding persistence diagram (on the right)

It is essentially a preimage of the set (−∞, 𝜀]. Obviously, as 𝜀 increases, so do
the sublevel sets. Therefore it is a filtration in a similar sense as the Vietoris-Rips
counterpart: if 𝜀1 < 𝜀2 then 𝐴𝜀1 ( 𝑓 ) ⊆ 𝐴𝜀2 ( 𝑓 ).

Intuitively, 𝜀 can be seen as the sea level and the filtration encodes what part
of the domain of the function 𝑓 is below the sea level (see Fig. 3). Therefore, the

Fig. 3. Lower-star filtration of a polynomial function and its corresponding persistence diagram.
The subplots illustrate the evolution of sublevel sets (grey regions) as the function values increase,

highlighting the birth and death of connected components
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nature of the filtration depends on the domain of the function. If the domain is R,
then each 𝐴𝜀 ( 𝑓 ) is a subset of R and hence the only homology group possible to
examine is 𝐻0. If 𝑓 happens to be a multivariable function, then the filtration can
encode cycles of a higher dimension.

3. Materials and methods

3.1. Ear wearable device with accelerometer

A compact, head-mounted prototype (Fig. 4a and b) has been developed to
capture jaw and head motion, positioned superior to the ear and adjacent to the
temporomandibular joint (TMJ). The core of this device is a custom printed circuit
board (PCB) built around an ST32WB55 microcontroller (Fig. 4, d). This dual-
core microcontroller is optimised for real-time, low layer operation and power
management. The second PCB houses a 6-axis ISM330 Inertial Measurement Unit
(Fig. 4c) , from which a 3-axis accelerometer is used to sample data at 416 Hz
mode.

Fig. 4. Device positioned on the head (a) and (b), circuit board with ISM330 accelerometer mounted
into the structure of the device (c), and circuit board with ST32WB55 microcontroller (d)

The custom board is connected via a USB cable to a Banana Pi M2 Zero
single-board computer (SBC). The SBC runs multiple services to manage the data
flow. The information flow within the experimental setup is presented in Fig. 5. In
the current prototype configuration, the target device (comprising PCB.IMU and
PCB.MCU) mounted on the participant’s head is connected via a wired interface
to a data acquisition unit (SBC). The participant interacts with buttons located on
the controller (SBC.Controller) to annotate the activity being performed. A “data
recorder” (SBC.Recorder) service gathers the time-stamped accelerometer data and
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Fig. 5. System Architecture & Data Flow

stores it in a local database. This interaction is required during the data collection
and model training phase.

Importantly, in the final system configuration, the SBC module will be omitted,
and the head-mounted device will communicate wirelessly with a smartphone,
eliminating the need for user interaction, meaning no buttons and no annotation
required from the user. In the current version of the device, data stored locally at
the SBC unit are transmitted to a cloud-based infrastructure, where the machine
learning model is trained. Concurrently, a client service continuously checks for
an internet connection and, when available, transmits the stored data to a central
server for processing by AI algorithms. The entire system is powered by a portable
power bank.

For user activity annotation, the system includes a handheld controller (Marker
Switch/SBC.Controller) connected to the main module. The controller includes a
set of buttons specifically designed to be operated by hand, allowing the user to
easily select activities, even without having to look at the device. A dedicated
“controller service” on the SBC monitors this input to log user activities annotated
with the Marker Switch.

The housing of the prototype consists of two main parts created using different
3D printing technologies. The enclosure for the PCB, sensor and wiring is manufac-
tured using Selective Laser Sintering (SLS) with Polyamide (PA12). This material
is known for its high strength, stiffness, and suitability for functional parts. The
SLS also provided the possibility to manufacture complicated shapes all-in-one
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and without supports. The adjustable headband is produced using Fused Deposi-
tion Modeling (FDM) with a PET filament, a material selected for its flexibility
and durability, while being easy to manufacture and inexpensive.

3.2. Data collection

To collect activity data for the classification of eating, drinking, smoking, and
speaking, we conducted a user study involving fifteen participants equipped with a
custom ear-worn wearable device. The device incorporated a triaxial accelerometer
for motion capture and a set of physical buttons for real-time activity annotation.

Participants wore the device on the left ear, with the accelerometer positioned
over the temporomandibular joint and stabilised using a headband. Four physical
buttons were used to annotate the target activities, and one button was used to
signal annotation errors. Participants manually labelled each activity using the
corresponding button, according to the following standardized procedure:

• Speaking: Pressed at the start of speech and released during pauses longer
than a few seconds.

• Eating: Pressed when food was placed in the mouth, held during chewing,
and released after swallowing the last bite.

• Drinking: Pressed at the beginning of swallowing, held during the drinking
episode, and released after the final sip.

• Smoking: Pressed at the onset of inhalation and released after exhalation.
In case of annotation errors (e.g., incorrect or multiple buttons pressed), par-

ticipants were instructed to release all buttons and press the error button for two
seconds.

Each participant underwent a brief training session to become familiar with
the device and annotation protocol. Participants were allowed to engage in their
normal activities (including walking, sitting, bending, etc.) during recordings and
to carefully annotate their activities. This setup was specifically designed for data
collection and model training and was largely driven by the time and budget con-
straints of the study. In subsequent development stages, the physical buttons are
planned to be replaced by in-app confirmation functions within a mobile applica-
tion. In the final product, model predictions will be verified only intermittently and
randomly in a subset of users to support ongoing model refinement and validation
under real-life conditions.

Nine women participated in the data acquisition stage of the study, each provid-
ing two recordings of approximately 15 minutes in duration. The most frequently
observed class was “other activity” (45%), which included all behaviours other
than the four target activities: eating, speaking, drinking, and smoking. Among the
labelled activities, eating accounted for 21.7% of the total recording time, followed
by speaking (16%), drinking (15%) and smoking (2.3%). The relatively low fre-
quency of smoking is explained by the fact that only two out of nine participants
were smokers.
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Raw accelerometer signals do not provide an unambiguous representation of
the activity performed by the user. To demonstrate this, representative time-series
are presented for four activities, each shown along the x, y, and z axes (Fig. 6).
Despite the richness of the recorded data, visual inspection does not allow reliable
discrimination between activities. Therefore, the proposed methodology employs
topological data analysis to extract informative structural features.

(a) Event: drinking (b) Event: smoking

(c) Event: eating (d) Event: speaking

Fig. 6. Representative raw accelerometer time-series recorded along the x, y, and z axes for four
activities. Activity labels were obtained from user annotations via button presses during data

acquisition

3.3. Classification of signals from accelerometer using topological
data analysis

Preparation of the input data for classification involved segmenting raw ac-
celerometer signals into overlapping windows of 700 samples each, with a step
size of 100 samples. This windowing strategy was designed to capture sufficient
temporal context for activity recognition (about 2.3 seconds) while generating a
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dense set of training examples. During the preprocessing, we excluded windows
labelled as “error”, as well as any windows that contained transitions between two
or more activity classes, retaining only those segments where a single, unambigu-
ous activity label could be assigned. This ensured that the classifier would learn
from clearly defined examples of each activity type.

To classify time windows of accelerometer data corresponding to specific hu-
man activities, we used features extracted from persistence diagrams computed
from time-delay embeddings. Each time window contained three univariate sig-
nals corresponding to the individual components of acceleration vector. For each
window, we constructed three two-dimensional point clouds by pairing signal
components: 𝑎𝑥𝑦 , 𝑎𝑥𝑧 and 𝑎𝑦𝑧 . These two-dimensional point clouds captured joint
temporal dynamics across signal pairs. In some cases, we also found it useful
to transform these two-dimensional signals back into univariate form by comput-
ing the Euclidean norm or extracting the polar angle (i.e., converting Cartesian
coordinates to polar coordinates and projecting onto a single dimension).

Subsequently, each point cloud was lifted to a higher-dimensional space us-
ing a sliding window embedding described below, allowing for the extraction of
topological features from the resulting spatiotemporal trajectories.

Let 𝑥 = {𝑥1, 𝑥2, . . . , 𝑥𝑇 } denote a segment of the signal, where each 𝑥𝑖 ∈ R𝑘
represents a multivariate observation at time 𝑖. For example, 𝑘 = 2 for original
two-dimensional point clouds formed from signal pairs (e.g., 𝑎𝑥𝑦), or 𝑘 = 1 for
univariate signals derived via transformations such as the Euclidean norm or polar
angle.

Given the embedding dimension 𝑚 and lag 𝜏, we constructed a higher-
dimensional point cloud 𝑃 using a sliding window embedding:

𝑃 =
{(
𝑥𝑡 , 𝑥𝑡+𝜏 , 𝑥𝑡+2𝜏 , . . . , 𝑥𝑡+(𝑚−1)𝜏

)
| 𝑡 = 1, . . . , 𝑇 − (𝑚 − 1)𝜏

}
. (10)

Each element of 𝑃 ∈ R𝑘 ·𝑚. This embedding transforms the temporal structure of
the signal into a spatial object, enabling the analysis of its topological properties
such as connected components and loops.

In our analysis, we generated multiple types of point clouds from the segmented
accelerometer signals to capture distinct geometric and temporal characteristics.
The following constructions were used:

• Two-dimensional point clouds constructed directly from pairs of accelera-
tion components: 𝑎𝑥𝑦 , 𝑎𝑥𝑧 , and 𝑎𝑦𝑧 , for each window.

• Delay-embedded point clouds created from the two-dimensional signals
above using sliding window embeddings. For embedding dimension 𝑚 ∈
{2, 5} and 𝜏 ∈ {0, 30} the resulting point clouds lie in R2𝑚, i.e., R4 or R10,
respectively.

• Three-dimensional point clouds formed by appending time as an additional
coordinate to the original 2D point clouds, yielding embeddings in R3.
This construction preserves temporal ordering while capturing geometric
structure.
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• Polar-transformed delay embeddings derived from univariate signals ob-
tained by transforming each 2D signal into scalar time series. Two trans-
formations were used: the vector norm (magnitude) and the polar angle.
Delay embeddings were then computed from these univariate signals using
embedding dimensions 𝑚 ∈ {2, 10}.

Persistence diagrams were computed from the point clouds described above
using Vietoris-Rips (see Definition 9) filtrations in homology dimensions 0 and 1,
implemented via the ripser v0.6.10 library [28]. Additionally, for signals trans-
formed into polar coordinates, we applied a star filtration (cf. Section 2.2.2) to
capture complementary topological information. In total, 22 persistence diagrams
were generated for each time window, covering multiple signal transformations,
homological dimensions, and filtration strategies.

From each persistence diagram, we extracted a set of 337 features describing
the topological structure of the time window. These features included:

Descriptive Statistics. For birth times 𝑏𝑖, death times 𝑑𝑖, and lifetimes 𝑙𝑖 = 𝑑𝑖−𝑏𝑖,
we computed:

• Mean: 𝑙 =
1
𝑛

∑︁
𝑖

𝑙𝑖

• Variance: Var𝑙 =
1
𝑛

∑︁
𝑖

(𝑙𝑖 − 𝑙)2

Counting Features. The number of homological features (i.e., the cardinality of
each diagram) was recorded in each dimension.

Wasserstein Amplitude. A measure of the total topological persistence of a
diagram. It is defined the Wasserstein distance [29] from the persistence diagram
containing the diagonal only:

𝑊𝑝 (𝐷) =
(∑︁

𝑖

|𝑑𝑖 − 𝑏𝑖 |𝑝
)1/𝑝

. (11)

In this work we used𝑊2 as a topological feature of a diagram.

Persistence Entropy. To measure the complexity of the persistence diagram 𝐷

in an information-theoretic sense [30], we computed persistence entropy:

𝐻 (𝐷) = −
∑︁
𝑖

𝑙𝑖

𝐿
· log

(
𝑙𝑖

𝐿

)
, where 𝐿 =

∑︁
𝑖

𝑙𝑖 . (12)
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Vasicek’s differential entropy estimator. We applied a classical non-parametric
method for estimating the differential entropy of a continuous distribution, known
as Vasicek’s estimator [31]. This feature was computed for the sequence of birth
times 𝑏𝑖 or death times 𝑑𝑖 extracted from the persistence diagram. Given a random
sample 𝑥 = (𝑥1, 𝑥2, . . . , 𝑥𝑛), the estimator is defined as:

𝐻Vasicek(𝑥) =
1
𝑛

𝑛∑︁
𝑖=1

log
( 𝑛
2𝑚

[
𝑥 (𝑖+𝑚) − 𝑥 (𝑖−𝑚)

] )
, (13)

where 𝑥 (𝑖) denotes the 𝑖-th order statistic of the sample and𝑚 is a window parameter
controlling local neighborhood size. In our implementation, we set 𝑚 = 1. This
estimator provides an approximation of the differential entropy without requiring
explicit knowledge of the underlying probability density function.

The dataset obtained after segmentation and cleaning contained the following
number of time windows summarised in Table 1. The topological features were
computed for each window and used as input to machine learning models for
activity classification.

Table 1. Number of 700-sample windows per activity

Activity Other activity Eating Speaking Drinking Smoking
Windows 21448 7634 10341 7133 1102

4. Results

The classification of temporomandibular joint activities was performed us-
ing a random forest (RF) classifier implemented in Python v3.10.12 with the
scikit-learn v1.6.1 library [32]. Hyperparameter optimisation was conducted
using the Optuna v4.3.0 framework [33], aiming to maximise the balanced ac-
curacy metric. This metric was chosen due to the class imbalance in the dataset,
particularly the under-representation of the smoking class. Balanced accuracy was
computed via 5-fold cross-validation, where the training data were randomly split
into five equally sized folds.

The dataset was divided into separate training (80% windows) and test subsets
(20% windows); all reported performance metrics were computed on the test set to
ensure unbiased evaluation. A total of 47658 time windows, each of 700 samples
with an overlap of 600 samples, were analysed. Each window was represented by
a set of topological features derived from persistence diagrams, as described in
Section 3. These features captured statistical properties of birth times, death times,
and lifetimes of homology classes, as well as Wasserstein amplitudes and entropy
measures, across multiple dimensions and filtration strategies.

After feature extraction, Recursive Feature Elimination with Cross-Validation
(RFECV) was applied to rank the importance of features. In our analysis, we
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employed a version of RFECV implemented in the Python library scikit-learn.
This method requires the classifier to compute feature importances, a criterion met
by the random forest classifier. The algorithm operated as follows:

1. Data Partitioning: The data were divided into folds, where each fold used
a subset of the data as test data and the remaining samples for training. The
number of folds equalled the number of predefined partitions, ensuring that
each subset was used exactly once for testing.

2. Feature Elimination: For each fold, the RFE algorithm began by itera-
tively removing features. The classifier was first fitted to compute feature
importances, after which the least important feature was removed. The
model’s score was then calculated using the fold’s test data. This process
was repeated until only one feature remained.

3. Score Averaging: The scores calculated for each fold and each number of
features during step 2 were averaged to obtain mean scores as a function
of the number of features. The optimal number of features, 𝑛features, was
defined as the number with the highest mean score.

4. Final Model Fitting: The classifier was fitted over the entire dataset, and
the 𝑛features with the highest importance were selected.

5. Iteration: Steps 1–4 were repeated a predefined number of times or until
only one feature remained.

This procedure also allowed us to assign a feature score to each selected feature.
At each iteration in step 4, a subset of features was selected; whenever a feature
appeared in this subset, its score was incremented by one. Consequently, features
that persisted longer across iterations accumulated higher scores.

The most informative feature was the number of homology classes obtained
via star filtration applied to the time series of the coordinate angle of the ac-
celeration vector in the 𝑥𝑧 plane (see Fig. 7). We also observed an overrepre-
sentation of entropy-related features, particularly those based on Vasicek’s esti-
mator of differential entropy computed with respect to the deaths of homology
classes.

The final model achieved balanced accuracy 89.9% on the test set; more de-
tailed metrics computed for each activity are presented in Table 2. The confusion
matrix revealed high classification performance across all activities, with particu-
larly strong discrimination for eating (recall 93.8%) and for all other activities with
recall above 85% (see Fig. 8).

The most problematic activity was smoking, although this class also had the
lowest number of windows in the dataset. The lowest precision (88%) was observed
for the “other activity” class, indicating that the algorithm occasionally detected an
activity when none was present. Most of these misclassifications occurred when
other activity was recognised as drinking. Additional real-time tests suggested
that, in some participants, swallowing saliva was misclassified as drinking. This
highlights the need for post-processing steps to improve real-time recognition
accuracy.
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Fig. 7. Feature importances (Gini importances) computed from the final random forest model

Fig. 8. Confusion matrix for the random forest classifier evaluated on the test set

These results demonstrate the feasibility of combining persistent homology-
derived features with a mechanically simple, ear-worn accelerometer device for
accurate recognition of temporomandibular joint-related activities.



212 Janusz PRZEWOCKI et al.

Table 2. Classification metrics for each activity on the test set. Precision, recall, F1-score, and
Matthews correlation coefficient (MCC) are reported per class. Overall macro-averaged values are

shown in the last row

Activity| Precision Recall F1-score MCC
Eating 0.9294 0.9378 0.9335 0.9129
Drinking 0.8791 0.9088 0.8937 0.8612
Speaking 0.9280 0.9006 0.9141 0.8876
Smoking 0.9095 0.8683 0.8884 0.8820
Other activity 0.8847 0.8838 0.8843 0.8489
Overall (macro) 0.9061 0.8999 0.9028 0.8785

5. Conclusions

In this study, we demonstrated that topological data analysis provides a pow-
erful framework for characterising subtle head and mandibular movements cap-
tured with an ear-worn accelerometer. By transforming raw signals into point
clouds and computing persistence diagrams, we derived shape-aware descriptors
that capture dynamic patterns beyond the reach of conventional feature extraction.
Our classifier achieved a balanced accuracy of 0.89 across four activity classes,
showing that TDA-derived features enable robust recognition of health-related
behaviours: eating, drinking and smoking. Speaking was also detected for differen-
tiation from other activities. These results highlight the potential of topology-driven
approaches to enrich wearable sensing pipelines with interpretable and mathemat-
ically grounded representations.

Several limitations of this study should be acknowledged. First, the dataset
comprised only nine participants (all female), which restricts the generalisability of
the findings and may not capture inter-individual variability in head motion patterns,
cultural eating habits, or sensor placement differences. Moreover, class imbalance
was present, with smoking under-represented in the dataset. The evaluation was
performed at the window level, which is appropriate given the small number of
participants; however, in larger cohorts, subject-level validation strategies such as
leave-one-group-out would provide a more rigorous assessment of external validity.

This work represents a preliminary proof-of-concept study. The results provide
valuable insights into the feasibility of ear-worn sensing for lifestyle monitoring
and demonstrate a strong potential of this approach for future health-tracking appli-
cations. Developing a fully deployable solution will require extensive validation in
larger and more diverse populations, as well as substantial refinements to the device
(miniaturization, improved user comfort, more attractive industrial design and/or
extended functionality) to increase the likelihood of sustained or frequent use. The
proposed technology could also be integrated into existing consumer products,
such as bone-conduction headphones.
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