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Discerning user activities with wearable devices is important to monitor people's behavior and even for
developing personalized strategies to prevent some diseases, which has significant implications for healthcare
systems. The metabolic equivalent of the task (MET), a measure of the energy cost of physical activities, is a
good indicator to discern different activities. However, there is no established formula for calculating the MET.
Some works have used several features to approximate the MET, such as the filtered acceleration (ACCfil)
or the percentage of the heart rate reserve (%HRR). However, none of them has studied the importance of
each of these features in the accuracy of activity classification. This study investigates the impact of different
preprocessing techniques on activity recognition accuracy, such as filtering the acceleration to obtain the
feature ACCtil. To that end, we performed several experiments with different features and machine learning
algorithms to detect the activities. Our results indicate that incorporating features such as ACCfil, ZHRR, and
Ratio of Unfiltered to Filtered acceleration (RUF) improves activity recognition accuracy in some cases up to
166.67%. These features are particularly useful for challenging activities such as stair climbing or household
activities. These findings, with their direct implications for developing more accurate activity recognition
models with wearable devices, underscore the importance of preprocessing techniques and feature integration.
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I. INTRODUCTION

ASSHSSING physical activity and quantifying the frequency and
intensity of different activities are important across various fields,
for instance, in developing strategies aimed at preventing various
chronic diseases [1]-[3]. In this regard, the metabolic equivalent
of the task (MET) offers a reliable approach to classify physical
effort by expressing activity intensity as a multiple of the resting
metabolic rate (RMR) [4], [5]. This measurement can be facilitated by
utilizing accelerometers and PhotoPlethysmoGraphy (PPG) sensors
integrated into wearable devices [6]-[9]. However, it is important to
note that sensors do not directly measure the MET; instead, MET
is an approximate value that attempts to correlate the activity with
its Energy Expenditure (EE). While some wearables provide MET
data, they generally do not disclose the specific formula used for the
calculation, and the accuracy of the MET is dubious [10], [11].

Certain studies have attempted to estimate the MET by establishing
correlations between accelerometer data and known MET values for

specific activities (e.g., a MET of 3 for walking, as established in the MET
reference tables [12]). Some of these studies emphasize the significance
of isolating the two components of acceleration: the gravitational
acceleration in lower frequencies and the body movement acceleration
in higher frequencies [13]. Key factors used in MET measurement
include: filtered acceleration obtained by removing gravitational
effects; the Ratio of Unfiltered to Filtered acceleration (RUF); the Sum
Vector Magnitude (SVMg) of the filtered acceleration (SVMgyy);
and the percentage Heart Rate Reserve (%HRR) [14]. Although MET
is directly correlated to human activity recognition (HAR), the use
of MET or MET-related characteristics, such as SV Mgy; or RUF, are
not standard features used in HAR studies [13] due to the difficulty of
determining the correct MET automatically. Furthermore, the impact
of using these features compared to traditional approaches in HAR still
needs to be explored.

Hence, we propose a comparative analysis of activity detection
models developed solely based on acceleration data, which is the most
common way to apply machine learning (ML) to HAR [13], against
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models incorporating one or more of the features mentioned above,
correlated with the MET. To calculate these features is necessary a
preprocessing step, which involves filtering the acceleration signals
and computing the %HRR.

Our study specifically evaluates the effectiveness of integrating
features such as SV Mgyii, zHRR, and RUF in enhancing the accuracy
of activity detection, particularly for challenging activities such as
household chores and stair climbing/descending. These activities
are known to present difficulties in accurate differentiation when
considering only acceleration data [15].

Hence, our contribution can be summarized as:

« Highlighting the importance of preprocessing the sensor signals,
especially filtering the gravitational and body acceleration
components in HAR studies.

+ Comparison of using different MET related features, namely
SV Mgy, HRR, and RUF in HAR studies vs not using them.

+ Ourresults concluded that using MET-related features considerably
increase the accuracy of HAR studies.

The content of the paper is as follows. Section II discusses the
present research works carried out in the domain of HAR and MET.
Section III discusses the proposed methodology, experimental setup
and analysis. The results are given in Section IV followed by discussion
in Section V and conclusion in Section VI.

II. BACKGROUND AND RELATED WORKS

A. Background: Meassuring MET With Wearables

EE could be a good discriminator in activities, as different activities
need different energy. However, the gold standards to measure EE
are the Doubly Labeled Water (DLW) and Indirect Calorimetry (IC)
techniques [16]. DLW includes administering doubly labeled water
and monitoring saliva, urine, or blood; hence, an expert must collect
and analyze the samples. IC measures pulmonary gas exchanges and
needs a specific device to measure oxygen consumption and carbon
dioxide production, which is uncommon in popular wearables. To
solve this problem of devices and human resources availability, the
use of MET as an approximation of the EE has emerged. One MET
represents the oxygen consumption at rest [16], approximately
3.5 :ml, 05/ kg/min, (1.2, keal /min for a 70kg person) [12]. Actual
energy cost differs for each person depending on body mass, adiposity,
age, gender, and environmental conditions [16]. Several activities have
been assessed regarding their relative oxygen uptake or intensity as
multiples of 1 MET, creating tables with activities and their METs
[12]. However, these are fixed tables that cannot be automatically
measured in real daily life activities. Wearable devices frequently serve
as convenient and relatively cost-effective alternatives for estimating
EE, primarily through collecting Heart Rate (HR) and accelerometer
data. However, no perfect algorithm exists to estimate EE [17]. Some
wearables measure the EE, but while the accuracy in HR and other
indicators is high, the accuracy in EE is low [10], [11], [18], [19].
Moreover, the accuracy is even lower in some groups, such as those
with darker skin tones or males with greater body mass index [19].
Some studies use rule-based algorithms to estimate the MET based on
features such as SV Mgyii, 2HRR, or RUF [14].

B. Related Works: Using MET in HAR

A relevant example of the calculation of the MET with wearables
is the study carried out by [20], in which they developed a rule-based
decision tree algorithm that can be used in wearable health monitoring
devices to estimate MET based on physical activity intensity data.
The proposed algorithm uses filtered synthetic acceleration (ACCfil)
and RUF ratio. Similarly, Nakanishi et al. [14] enhance the rule-base

calculation of MET with the %HRR. Studies have recently used these
calculations to estimate the EE [21], [22]. These studies calculate the
MET in two steps. First, they compute the features, ACCfil, RUF, etc.,
and then apply the rule to estimate the MET. They calculate these
features for each activity using the whole activity to estimate MET
without windowing. Then, the activities were distinguished using a
rule-based algorithm between low, medium, and high MET activities.
To estimate the MET as EE and create the rule-based formula, the most
used algorithms are regression algorithms [14], [20], [22].

HAR studies, not using rule-based calculation of MET, have used
several ML algorithms; some of the most commonly used include
Logistic Regression (LR), KNN (K-Nearest Neighbors), families of the
Decision Tree (DT), and Gaussian Naive Bayes (NB) [13], [23]. For
example, [24], [25] uses Random Forest (RF), KNN, and Support Vector
Machines (SVN, linear, and RBF). [26] uses J48, RF, NB, SVM, Neural
Networks, and KNN. They also compared the Empatica wristband
with an Arduino-based accelerometer, showing that Empatica was
superior in performance and accuracy.

However, only a few HAR studies have used the MET or related
features. For example, Barut et al. [27] used one ML model to distinguish
activities with accelerometer, gyroscope, and magnetometer data.
Then, they improved the model with a calculated MET based on
accelerometer counts. The climbing and descending stairs activities
were the most difficult to distinguish. They performed no feature
extraction and just fed the raw data into an LSTM model. Similarly,
[28] used the SVMg of the filtered accelerometer, among other features,
to create a model for HAR. They positioned the accelerometer in the
lower leg and back. They used random forests to classify between
walking, sitting, lying, and running, which are easier to distinguish
than climbing/descending stairs or household chores. [29] filtered the
accelerometer signal and used the SVMg of the filtered acceleration,
among other features, to detect the activities of nose/head scratching,
smoking, drinking, eating, and using the phone. However, these studies
used only some MET-related features directly in the HAR task, not all
of them. Even some works tried to filter the accelerometer and showed
that the filtered signal did not improve the accuracy but degraded it
[24]. They used two low-pass and two high-pass filters at two different
frequencies directly over the three dimensions of the accelerometer (x,
v, z). They did not use the SV Mg or the RUF.

Recent trends focus on Deep Learning (DL) architectures, generative
models for data synthesis [30], and Large Language Models (LLMs)
to handle data complexity [31]-[34]. While effective, these models
often operate as "black boxes" and require substantial resources. Other
emerging lines of research focus on specific constraints, such as feature
optimization strategies [35], LoORaWAN connectivity for long-range
networks [36], multi-environment data fusion [37], hybrid vision-
based systems for fall detection [38], or energy-aware computing
[39]. Despite this breadth, most approaches, even recent ones
leveraging diffusion models or feature subsets [30], [35], rely solely on
accelerometer data, leaving a specific gap in leveraging physiological
domain knowledge directly within the classification pipeline. Table I
describes an extended comparative analysis of related works in HAR,
highlighting the research gap in MET-based feature engineering
addressed by this study. Our study distinguishes itself by proposing
a preprocessing approach that explicitly separates gravitational and
body acceleration to derive MET-based features (SVMgyii, RUF,
%HRR). This approach prioritizes physiological interpretability and
accuracy in complex activities, contrasting with the predominantly
data-driven or connectivity-focused approaches found in the current
state of the art.
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TABLE I. COMPARATIVE ANALYSIS OF RELATED WORKS IN HAR, HIGHLIGHTING THE RESEARCH GAP IN MET-BASED FEATURE ENGINEERING ADDRESSED BY THIS

STUDY

Ref. - Authors (Year) Main Focus / Methodology

Identified Limitation / Gap

Our Contribution

Rule-based MET estimation

(14] - Nakanishi et al. (2018) enhanced with %HRR features

Classifies activities into broad intensity categories (Low/ Mid/High)
using rules, lacking specific activity identification.

[20] - Ohkawara et al. (2011)

Rule-based decision tree for MET

Relies on a fixed rule-based decision tree structure, which

[21] - Koizumi et al. (2023) Estimation of EE

Focuses on regression algorithms for EE,

[22] - Chen et al. (2023) Sedentary behavior analysis and

Analyzes general sedentary behavior versus active states;

Feature integration for

[24] - Exdas et al. (2016) accelerometer-based HAR

Concluded filtering degraded accuracy (applied to axes); lacked
analysis of Vector Magnitude.

LSTM model + calculated MET

[27] - Barut et al. (2020)
counts

Fed raw data to LSTM; struggled to distinguish climbing/descending
stairs effectively.

Random Forest with SVMg of

(28] - Stewart et al. (2018) filtered acceleration

Required intrusive sensors (leg/back); focused primarily on simple
activities (walking, lying).

[29] - Lu et al. (2020) habits

Single sensor HAR for specific hand

Limited scope (smoking, eating); did not integrate full physiological
set (RUF, %HRR).

Time-series data generation with

(30] - Garcia-Moreno et al. (2025) diffusion models for triaxial data

Relies solely on accelerometers; lacks feature selection (consequently
missing MET-related features).

LLMs & Generative Al for

(31] - Ferrara (2024) behavioral modeling

High computational cost; focus on high-level language/behavior, less
on sensor signal physics.

Narrative review of Al frameworks

[32] - Gupta et al. (2022) in HAR

Broad overview of general Al methods; lacks specific focus on
domain-knowledge MET features.

[33] - Kumar et al. (2024) DL review & methodologies

Empbhasis on complex DL architectures (black-box); interpretability
of physical features is limited.

[34] - Zhang et al. (2022)

DL advances with wearable sensors

Highlights DL trends but overlooks the value of signal filtering for
metabolic estimation.

35] - Li . (2024 . -
(35] - Liandana et al. (2024) using feature subset combination

Single triaxial accelerometer HAR

Relies solely on kinematic features; lacks physiological data (HR) and
MET estimation for intensity discrimination.

LoRaWAN-integrated sensor

[36] - Obiri & Van Laerhoven (2024)
networks survey

Focuses on IoT connectivity/transmission layers, not on signal
preprocessing for activity intensity.

[37] - Li et al. (2023) Multi-environment sensor data

Relies on external environmental sensors; lacks physiological data

Physiological Feature
Engineering: We propose a
specific preprocessing pipeline
that separates gravitational
from body acceleration to
derive MET-related features
(SVMgfil, RUF, %HRR).

Advancement over MET
Works: Unlike [27] which
relied on raw data, or [28]
which required intrusive
sensor placement, we achieve
high accuracy using a single
wrist device. Furthermore,
we refute claims that filtering
degrades accuracy [24] by
proving the efficacy of .

Improved Discrimination:
While existing works focus
on generic DL models [32]-
[34] or network constraints
[36], we demonstrate that
incorporating interpretable
physiological metrics
drastically improves accuracy
for complex activities of daily
living (ADLs) (e.g., household
chores, stairs) without relying
on black-box models.

fusion (HR) and does not employ MET-based features.
. . Hybrid Fall Detection (YOLO + Relies on visual data (cameras), implying privacy issues and fixed
(38] - Liu et al. (2025) ST-GCN) setups (non-wearable).
[39] - Contoli et al. (2024) EnAerAgy-aware HAR for battery Pr10r1t12§s device battery F)Qtlml_zat{onA; ovgrlooks the use of MET or
efficiency metabolic features for activity discrimination.

TABLE II: CoMPARISON OF EXISTING PUBLIC DATASETS VERSUS THE DATASET COLLECTED IN THIS STUDY. NOTE: ACC = ACCELEROMETER, GYRO = GYROSCOPE,
MAG = MAGNETOMETER, TEMP = TEMPERATURE, EDA = ELECTRODERMAL ACTIVITY.

Dataset Device Model (Position) Sensors Key Activities Gap for this Study
LG G Watch (Wrist) Nexus Walking, Jogging, Stairs, Sitting, =~ Lacks physiological data (HR) necessary for %ZHRR; limited to basic
WISDM [40] 5/5X (Pocket) Ace, Gyro Standing locomotive activities (no chores).
UCIHAR [41] Samsung Galaxy $ T (Waist) Acc, Gyro Wa%kmg, Ups'talrs, D.ownstalrs, Waist placement is not ct')rr'll?arable to wrist-wearables; lacks HR
Sitting, Standing, Lying sensor; no household activities.
UniMiB SHAR [42]  Galaxy Nexus 9250 (Pocket) Acc 9 ADLs (Walk, Run, Jump, Stairs), Po(cketplacement; relies solely on Accelerometer (no Gyro or HR);
8 types of Falls primarily focused on fall detection.
MobiAct [43] Samsung Galaxy S3 (Pocket) ACF’ Gyr'o, Walk, Jog, Jump, Stairs, Sit, Car Pocket Placemen?; lacks physiological data (HR) required for
Orientation step-in/out, Falls metabolic analysis.
. . . Stand, Sit, Talk, Lay, Pick, Jump, Waist placement; lacks HR data; includes fitness activities (push-ups)
KU-HAR [44] Various Smartphones (Waist)  Acc, Gyro Push-up, Sit-up, Walk, Run, Stairs but lacks specific household chores.
WEEE [45] Empatica E4, Apple Watch, Acc, Gyro, PPG,  Resting (Sit/Stand), Cycling, Contains HR but lacks activity diversity (only cardio/rest); focuses
Fitbit (Wrist), Earbuds EDA, Temp Running on EE regression rather than activity classification.
- . In-the-wild (Sleep, Indoor, Lacks HR sensor (AX3 is Acc only), preventing %HRR calculation;
CAPTURE-24 [46] Axivity AX3 (Wrist) Ace Chores, Work, Walk, Sports) uncontrolled protocol makes MET rule validation difficult.
Stairs (Up/Down) + Household Specifically designed to combine wrist kinematics with HR
Our Dataset Empatica E4 (Wrist) Acc, PPG (HR) (Dishes, Sweeping, Drawing) + to validate MET features (, RUF, ZHRR) on hard-to-discern

Lying/Sitting/Walking

activities.

III. METHODS

A. Experiment Description: Participants and Tasks

There are several public datasets with accelerometer data and labeled
activities. Popular examples include WISDM [40] and UCI HAR [41].
However, UCI HAR relies on waist-mounted sensors, while UniMiB
SHAR [42] and MobiAct [43] collect data from smartphones in pockets.
These placements differ significantly from wrist-worn wearables.
Furthermore, datasets like KU-HAR [44] lack the physiological data

(PPG/Heart Rate) necessary for metabolic features like %ZHRR, and
household chores. While the WEEE dataset [45] includes multimodal
sensors (Acc + HR), it focuses on basic locomotive and cardio activities
(cycling, running), neglecting complex household chores. Conversely,
large-scale datasets like CAPTURE-24 [46] offer wrist-worn data using
the Axivity AX3 (accelerometer-only), preventing %HRR calculation,
and their "in-the-wild" protocol lacks the controlled segmentation
required to validate specific MET-based rules. Table II describes the
comparison between existing public datasets and the dataset collected
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in this study. As detailed in the Table II, a distinct gap remains for a
dataset that combines wrist-worn kinematics with physiological data
to discern high-intensity activities like stair climbing from complex,
energetically variable household chores. Hence, we create our own
dataset and experiments that we discuss in this section.

We have performed an experiment, in which seven volunteers
participated, within an age bracket of 16-53, performing activities of
daily living, mainly household activities, resting activities, walking
and climbing, and descending stairs. In particular, they performed
ten activities, starting from the quiet ones and finished with the most
active, in this order: lying in bed, sitting in a chair, drawing, washing
dishes, sweeping the floor, descending stairs, strolling, walking at
a regular pace, brisk walking, and climbing stairs (see in Fig. 1). All
participants wore a wearable, the Empatica E4 wristband, on the non-
dominant wrist. All activities were longer than 3 minutes, and the first
activity (lying on the bed) longed for at least 7 minutes to capture the
heart rate at rest, which is necessary to calculate the ZHRR.

climbing lying,in bed

stairs
w N © 10th] “ sitting in
a chair

briskswalking ohd
Q n
& Empatica E4 ]
Vi 9th
= drawing
walking ~ - 3rd
atja o 6 6 6 6 o o
regular*
Subjects
stroling ) 7th washing
( , ) : dishes
- A} 24 5th
——
t
= ;
descendin & eepi
stairs . ﬁ‘,’éeﬁgg}g

Fig. 1. Activities performed by volunteers during the experiment.

B. Materials

The Empatica E4 features four physical sensors: a PPG, an
electrodermal activity sensor, a peripheral thermometer, and a triaxial
accelerometer. The Empatica calculates values from the PPG, including
the blood volume pulse, which represents the highpass filtered PPG, as
well as the HR and interbeat intervals measured in milliseconds. Our
study will focus on the accelerometer signal, a standard component
of most wristbands and smartwatches widely used for activity
recognition. Additionally, we will incorporate HR into our analysis, as
it is an important factor in determining the MET. For the calculations,
we used a laptop MacBookPro, with a chip M1 and 16GB. We create
the pipeline with Python and use the libraries Scikit-learn with numpy
and pandas.

C. Machine Learning Pipeline

We follow the pipeline illustrated in Fig. 2. In the first step of data
acquisition, as the sampling rate of Empatica is 32Hz, it can only
capture frequencies lower than 16Hz and thus produces one sample
every 1/32 s, approximately 31.25 ms. Hence, we do not need to apply
any lowpass filter to the accelerometer signal to reduce the noise of
the high frequencies. If we apply any lowpass filter, we could miss

important information about body movements, which are typically
contained within frequency components below 20 Hz (for example, in
gait, 99% of the energy is contained below 15 Hz) [47]. Hence, we take
the three components of the acceleration (x, y, z) and the HR directly
from the Empatica raw data.

Data Acquisition
(acc, HR)

raw data: acc., HR

Y

Preprocessing: Filtering acceleration:
gravitational / movements components

filtered/unfiltered acc., HR

\ 4

Feature extraction
(SVMg, SVMgfil, %ZHRR, RUF)

filtered/unfiltered acc.,
’ SVMg, SVMgfil, RUF, ZHRR

I N

Normalization

normalized data: (filtered/unfiltered acc.,

SVMg, SVMgfil, RUF, %ZHRR)

A 4
( )
Split Dataset

Leaving-One-Subject-Out

PRefeed
- J
input to train input to test
the models the models
Y
Classif. models
(LR, LDA, KNN, DT-CART, NB,
TabNet, TabTransformer)
models
Y Y
Activity recognition
(Accuracy)

activity detected
and accuracy
Fig. 2. Pipeline.

Then, in the second step of the pipeline, the preprocessing, we
performed the proposed preprocessing of the data. We separate the
body acceleration from the gravitational acceleration by applying
a highpass filter, particularly a 4th-order butterfly highpass filter,
with a cut-off frequency of 3 Hz, as in previous works [29]. The high
frequencies of this separation are the filtered acceleration in each of the
components of the acceleration,  fi1, ¥ i, zfii. The filtered acceleration
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represents the body's movement acceleration after removing the
gravitational component. In contrast, the raw acceleration (x, y, z)
includes both the gravitational and movement acceleration.

In the third step of the pipeline, we calculate all the features that the
literature has used in approximating the MET by rules. Specifically,
we have followed the approach of [14] that combines all the features
used by others. In particular, we extracted the features: x, y, z, and the
SVMg as in Equation (1), xfil, yfil, zfil, and then with these values we
calculate the SVMg of filtered acceleration (SV Mgy;) as in Equation
(2), and the ration between SVMg and SV Mgy; (RUF) as in Equation
(3). We also calculate the %HRR with the Karkoven formula as in
Equation (4), where the heart rate during activity (HRact) represents
the actual HR during activities, while the heart rate at rest (HRrest) is
the mean value of heart rate at rest. We consider rest as lying down
for at least 7 minutes. We calculate the maximum heart rate (HRmax)
as in Equation (5).

SVMg = /22 + 92+ 22 (1)
SVMg s = \ “’fﬁl + y?il + Z?fil @)

SV Mg
RUF = ——>
SVMgfil (3)
HR — HR e
HRR= —— st ) o
%HRR <HRma.x — HRrest) x 100% "
HRp.x = 220 — Age (5)

The SVM (SV Mg and SV Mgy;) reduces the complexity of the data
by collapsing three-dimensional acceleration data into a single value.
This makes it easier to analyze and interpret the data, particularly
in applications where the overall magnitude of movement is more
important than the direction of the movement, which is often indicative
of specific activities (e.g., walking, running, sitting). This can lead to
more accurate and robust activity classification models. SVM captures
the overall activity intensity more effectively than analyzing individual
axis values separately, reducing the individual noise. The RUF can
provide insights into the intensity of body movements relative to the
gravitational component. Higher ratios might indicate more dynamic
activities (where the movement component of the acceleration is
more prominent), while lower ratios might suggest more static
postures (where the gravitational component of the acceleration is
more prominent). HRR normalizes the heart rate data relative to each
individual's resting heart rate. This normalization helps compare heart
rate data across different individuals more effectively and detect high-
or low-intensity activity for each individual.

We do not apply any windowing as we aim to understand the
importance of the features used, not the windowing used. Furthermore,
each activity could have its particular window size to capture the
activity efficiently [29], which is out of the scope of our study.

The fourth step of our pipeline is important for ensuring the
reliability of our ML models. We normalize the data, ensuring that all
features have the same range of values. This normalization, performed
using a standard scaler, provides a mean of zero and a standard
deviation of 1, thereby moving all values between the range [-1, 1].
This step is essential to prevent any bias in our models.

In the fifth step, we use the leaving-one-subject-out cross-validation
(LOSO-CV), as it is the most realistic, as the model is usually created
over a training subject and then used in real-time with the new buyers
of the device or the app. It is also the most restrictive, as none of the
data and subjects' idiosyncrasy will be mixed in both training and test.
Generally, with this cross-validation, the results yield worse but more
realistic values.

In step six, for each validation, we train the model with different ML
algorithms commonly used in HAR. In particular, we use LR, Linear
Discrimination Analysis (LDA), K-NN, Decision tree Classification
And Regression Tree (DT-CART), and NB, implemented via the library
scikit Learn'. We also explored two DL algorithms based on attention
mechanisms and Transformer architectures, which are TabNet [48]
and TabTransformer [49], implemented via the pytorch-tabnet?and tab-
transformer-pytorch® libraries respectively. For all of them, we used
the default parameters of the libraries, and we did not perform any
hyperparameter tuning to avoid complexity and to maintain control
over the features used, thereby ensuring a clear assessment of the
contribution of each feature (SV Mgy, RUF and %HRR).

Once the model is created, in the seventh step of the pipeline, we
validate it with the test data and calculate its accuracy. We use the
accuracy metric because it is widely used in HAR.

Then, we performed an ablation test, in which we repeated steps
five and six with different inputs. First, we used only the raw data
acceleration features, and then, in each iteration, we used a different
set of features incorporating SV Mgy, RUF, and %HRR.

IV. REsuLTS

We begin by analyzing the correlation matrix to understand the
influence of each feature on activity detection. Fig. 3 shows the
correlation between the different variables, and Table III value details.
This figure corresponds to one of the subjects but is similar to the rest.
In this subject, the correlation between SV Mgs; and the activity is
almost 75%, while the correlation between the SVMg is almost 20% in
all subjects. We could also see that the heart rate and the HRR have a
correlation above 77%. However, some wearables do not have an HR
sensor, and others do not provide continuous heart rate. Furthermore,
this correlation depends highly on the subject, as it is shown in Table
III. We can appreciate that subject-specific correlations for SVMg
range from 2.0% (Subject 5) to 49.1% (Subject 3; mean 18.3%), whereas
those for SV Mgy span 48.7% (Subject 1) to 74.9% (Subject 7; mean
63.4%).

-1.0

-0.391 0.418 -0.110 0.001 -0.220 -0.036 -0.038 -0.251

0.457 -0.096 0.367 -0.0010.508 -0.001 Rekiyfele) -0-8

0.000 -0.001 0.270 -0.460 -0.031 -0.448

-0.6
% -0.038 0.000 -0.021 i 0.775
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§ -0.391 0.457 - 0.090 0.299 0.002 0.204 0.199
)
g 0.418 -0.096 0.000 0.000 -0.006 -0.105 0.000 0.000 0.000 -0.2
E -0.110 0.367 -0.001 0.000 -0.268 0.051 0.000 0.000 0.000

-0.0

0.001 -0.001 0.270 0.000

0.090 -0.006 -0.004 0.000 0.000 0.000

--0.2
0.749

-0.021 -0.032

-0.220 0.508 -0.460 0.299 -0.105 0.051 0.008 -0.027

-0.036 -0.001 -0.031 -0.021 0.002 0.000 0.000 0.000 -O.

-0.038 JelVi[eN -0.448

-0.251

--0.4

0.204 0.000 0.000 0.000

(YN 0.199 0.000 0.000 0.000 RUZEN -0.032 NUVFE]

X y z HR  SVMg  xfil yfil zfil SVMdgfil RUF  %HRR activity

activity %HRR RUF SvMdfil  zfil

Fig. 3. Correlation Matrix of one of the subjects.

! https://scikit-learn.org/
? https://pypi.org/project/pytorch-tabnet/
* https://pypi.org/project/tab-transformer-pytorch/
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TABLE III. CORRELATION BETWEEN THE DIFFERENT VARIABLES AND THE ACTIVITIES FOR ALL OF THE SUBJECTS

Activity
Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 Subject 6 Subject 7
X -0.24989 -0.20073 0.04789 0.48842 0.66845 -0.32621 -0.25143
0.63821 0.64902 0.77660 0.69722 -0.46474 -0.84114 0.62631
z -0.23703 -0.56945 -0.53217 -0.58636 -0.69077 -0.58687 -0.53592
HR 0.79810 0.67843 0.77200 0.91921 0.84761 0.76485 0.77491
SVMg 0.09336 0.14196 0.49119 0.18287 0.02001 0.14936 0.19893
xfil 0.00009 0.00045 0.00019 0.00021 -0.00047 0.00013 -0.00018
yfil 0.00044 0.00013 0.00012 -0.00008 0.00002 0.00008 0.00003
zfil 0.00017 -0.00023 0.00006 0.00035 0.00013 0.00024 -0.00017
SVMgﬁ, 0.48724 0.54195 0.64065 0.67453 0.60313 0.66682 0.74928
RUF -0.34309 -0.53341 -0.06617 -0.12075 -0.14713 -0.21601 -0.03225
%HRR 0.79809 0.67843 0.77200 0.91921 0.84761 0.76485 0.77491

The results of the HAR classifiers are shown in Tables IV and V,
and Figs. 4 and 5. Table IV shows the mean and the standard deviation
of the accuracy obtained in the cross-validation of all the ML models,
considering all the activities. Fig. 4 shows the boxplots of these
accuracies. The different columns of the Table and the subfigures show
the different configurations of features. For example, in Fig. 4a, the
average accuracy of the seven classifiers using only raw acceleration
(x, y, z; Fig. 4b) is 0.166. Adding the SVMg feature (x, y, z, SVMg; Fig.
4b) raises the mean accuracy to 0.199. Replacing raw acceleration with
its filtered components and magnitude (xfil, yfil, zfil, SV Mgy; Fig.
4c) further increases the mean to 0.244. Using only SV Mgy; and the
rate-of-change feature RUF (SV Mgy;, RUF; Fig. 4d) yields a mean of
0.256, while including %HRR alongside SV Mgy; and RUF (SV Mgy
, RUF, %HRR; Fig. 4e) produces a mean accuracy of 0.351. However,
combining all features (all; Fig. 4f) reduces the mean to 0.306. These
results indicate that adding %HRR to SV Mgy and RUF achieves
the greatest performance improvement, whereas the full feature
set causes a slight drop in accuracy. We have not performed feature
selection because it may miss interactions between features. Instead,
we performed an ablation test, which better provides insights into
the importance of feature groups and interactions between features.
Regarding the different ML algorithms, although this is not the aim of
this study, we can observe that, in general, LR, LDA, and NB perform
better than KNN and DT-CART in most of the configurations. For
example, Table IV shows that LR improves the accuracy by 93.33%
with features SV Mgs; and RUF with respect to x, y, z. When adding
the %HRR the improvement with respect to x, y, z is of 166.67%.
Moreover, the DL algorithms, TabNet and TabTransformer, yielded
inferior results compared to these classical models. This is likely due
to the limited dataset size, which restricts the ability of such complex
models to generalize effectively.

We have also performed the same experiments but only
discriminating between a set of four activities that have been difficult
to discern in the literature, such as household chores, climbing and
descending the stairs, and an activity that is not difficult to distinguish
as a base, in our case, regular walk. In particular, we choose the
activities of drawing, dishes, regular pace walking, and climbing/
descending stairs. The results are shown in Table V and Fig. 5.

Regarding the individual activities and how they improve with the
new features, we have plotted in Fig. 6 the confusion matrix for one of
the models, LR; the rest of the models have similar behavior. On the
left-hand side of the figure, we show the matrix for the experiment
with all activities, and on the right-hand side, the matrix for the
experiment with only the 4 activities. We have selected 3 groups of
features: at the top of the figure, the raw data; in the middle, SV Mgyi
and RUF; and at the bottom, SV Mgyi, RUF, and %HRR. We can see
that, in general, accuracy improves when we add new features, as

indicated by the increase in diagonal values of the matrix. In particular,
for all activities, we observe that the activities showing the greatest
improvements are washing dishes, which, with raw data, has very
poor results, as well as ascending and descending stairs. With only
4 activities, the greatest improvement is seen in the stair activities,
whereas %HRR is particularly important for walking.

V. DiscussION

In the correlation matrix shown in Fig. 3, the filtered SVMg
appears to play an important role in detecting the activity. We can
also see that the heart rate and the HRR also play an important role,
with a correlation above 77%. It is worth noting that even though the
components y and z of the acceleration correlate, the non-filtered
SVMg has a low correlation. This correlation depends highly on the
subject, as it is shown in Table III, although all the subjects seem to
present a correlation with the y component of the acceleration, most
of them (but not all of them) show a correlation with the z component
and only a few of them show a correlation with the x component.
We can appreciate that in all cases, the correlation with the non-
filtered SVMg is very low, contrary to the correlation with the filtered
SV Mgy, which is high. This contrasts with the low correlation
between the activities and the filtered components of the acceleration
(xfil, yfil, zfil), which is in accordance with previous studies, in which
they state that filtering the acceleration degrades the results when
using each component directly without using SVMg [24].

As we can see, the results of the raw data x,y,z are not good, but
if we add only one feature, which is the SVMg to the raw data, as in
Fig. 4b, we can see an improvement in the accuracy in all the models.
The improvement could be because the SVMg reduces the impact of
sensor orientation on the activity discrimination [26]. If instead of
using the raw acceleration, we use the filtered acceleration in each
component and the SV Mgy, as in Fig. 4c, we see an improvement in
the accuracy. The filtered acceleration is a better feature than the raw
acceleration. Only with the features of SV Mgy and the RUF can we
appreciate a bigger improvement in Fig. 4d. Hence, the ratio between
the magnitudes of the unfiltered and filtered acceleration plays an
important role in the HAR. If we add to these two features the %2HRR,
as in Fig. 4e, we can appreciate a bigger improvement in all the models.
The heart rate and, by extension, the HRR are important features
in HAR; however, not all devices provide the heart rate continuously.
With all the features, such as in Fig. 4f, the accuracy degrades again.
This is due to the noise added by some features. If future studies want
to use all the features, they must use an algorithm for feature selection
before applying the classifier.

We can see that the discussion for Fig. 4 also applies to Fig. 5, but
with better accuracies, as Fig. 5 uses fewer activities; only four activities
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TABLE IV. AcCURACY OF THE DIFFERENT ML MoDELS, WITH DIFFERENT FEATURES, TAKING INTO ACCOUNT ALL THE ACTIVITIES: LYING IN BED; SITTING IN A CHAIR;
DRAWING; WASHING DISHES; SWEEPING THE FLOOR; DESCENDING STAIRS; WALKING SLOWLY; WALKING AT A REGULAR PACE; BRISK WALKING; CLIMBING STAIRS

Features
Model e
X, Y, Z x,y,Z, SVCMg xfil, yfil, zfil, SVMg il SVMgﬁ » RUF SVM - RUF,%HRR all
LR 0.15 + 0.06 0.19 £ 0.07 0.26 = 0.02 0.29 £ 0.04 0.40 £ 0.11 0.31 £ 0.05
LDA 0.15 = 0.06 0.19 £ 0.07 0.25 + 0.02 0.26 £ 0.04 0.40 £ 0.10 0.32 £ 0.08
KNN 0.18 £ 0.08 0.19 £ 0.06 0.23 £ 0.02 0.26 + 0.02 0.31 £ 0.09 0.30 £ 0.09
DT-CART 0.16 = 0.05 0.18 £ 0.06 0.21 £ 0.03 0.24 + 0.03 0.30 + 0.09 0.26 + 0.08
NB 0.17 £ 0.07 0.22 +0.10 0.25 + 0.03 0.26 + 0.05 0.35 + 0.08 0.36 + 0.08
TabNet 0.17 £ 0.05 0.21 + 0.06 0.25 + 0.02 0.26 + 0.04 0.39 + 0.09 0.33 £ 0.06
TabTransformer 0.18 £ 0.08 0.21 £0.03 0.26 £ 0.02 0.22 £0.02 0.31£0.10 0.26 = 0.09
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Fig. 4. Accuracy of the different ML models, with different features, taking into account all the activities: lying in bed; sitting in a chair; drawing; washing dishes;
sweeping the floor; descending stairs; walking slowly; walking at a regular pace; brisk walking; climbing stairs.
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TABLE V. AccURACY OF THE DIFFERENT ML MoDELS, WITH DIFFERENT FEATURES, TAKING INTO ACCOUNT ONLY SOME ACTIVITIES DIFFICULT TO DISCERN:
Draw, DisHES, REGULAR PACE WALKING AND UP-DOWN STAIRS

Features
Model e
X, Y, Z x,y,Z, SVCMg xfil, yfil, zfil, SVMg il SVMgﬁ » RUF SVM - RUF,%HRR all
LR 0.40 £ 0.16 0.39 £ 0.16 0.48 £ 0.03 0.51 £ 0.05 0.70 £ 0.11 0.65 +0.11
LDA 0.40 = 0.16 0.40 = 0.16 0.45 + 0.02 0.48 + 0.07 0.70 £ 0.15 0.71 £0.11
KNN 0.40 £ 0.14 0.40 £0.13 0.50 = 0.02 0.48 £ 0.06 0.56 + 0.18 0.58 £0.13
DT-CART 0.38 £ 0.13 0.34 £ 0.10 0.46 + 0.04 0.43 + 0.06 0.49 + 0.23 0.43 + 0.23
NB 0.45 £ 0.15 0.53 + 0.07 0.49 + 0.04 0.49 + 0.05 0.67 £ 0.13 0.67 £ 0.13
TabNet 0.36 + 0.10 0.39 + 0.08 0.46 + 0.03 0.48 + 0.05 0.68 + 0.12 0.62 £ 0.12
TabTransformer 0.31 £0.13 0.31 £ 0.05 0.40 £ 0.05 0.37 £ 0.02 0.47 £ 0.12 0.45+0.13
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Fig. 5. Accuracy of the different ML models, with different features, taking into account only some activities difficult to discern: draw, dishes, regular pace
walking and up-down stairs.
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Fig. 6. Confusion matrix of one of the ML models, LR, shows the performance in each activity individually. The left-hand side shows the experiment with all the
activities, and the right-hand side shows the experiments with 4 activities: drawing, dishes, regular pace walking, and up-down stairs. The top figures show the
experiments with the raw data: x, y,z. The middle figures show the experiments with the features SVMg il and RUF, and the bottom figures show the experiments

with features SVMg - RUF, and %HRR.

compared to the complete set of ten activities. In Table IV, we can
observe that, for example, LR shows a 27.5% accuracy improvement
with features SV Mg i and RUF compared to x, y, and z. When adding
the %HRR, the improvement compared to x, y, and z is 75%. As we
can see in both figures, the use of features related to MET, such as
SV Mgjii, RUF, and %HRR can considerably improve the accuracy of
the HAR. For example, with the models LR and LDA in Fig. 5, we can
appreciate that using these three features almost doubles the accuracy
(from 40% to 70%) of using only the raw acceleration components.

The findings of this study highlight the significant impact of
incorporating novel features such as the RUF, %HRR, and filtered
acceleration on the accuracy of HAR models. These features contribute
to a more robust representation of physiological and movement

data, enhancing the model’s ability to distinguish between different
activities. The generalizability of our methodology is promising,
as these features are derived from fundamental physiological and
kinematic principles that are not specific to a particular dataset or
scenario. By normalizing individual variations and focusing on relative
changes in activity intensity, our approach can be adapted to various
contexts beyond the specific dataset used in this study. For instance,
in different HAR datasets with varying participant demographics,
sensor placements, and activity types, the inclusion of RUF, %HRR,
and filtered acceleration can similarly improve model performance.
Hence, by applying the proposed feature set to diverse datasets, we
can extend our findings' applicability to broader real-world settings,
such as clinical monitoring, fitness tracking, and eldercare.
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A. Limitations and Future Works

The validation method, LOSO-CV, helps evaluate the model’s ability
to generalize across individuals, considering inter-subject variability.
However, it poses the challenge of generalizing across subjects with
very different activity patterns. The model may perform inconsistently
if there is high variability, indicating potential overfitting to specific
individuals' data. This challenge is mitigated by using %HRR instead
of HR and the RUF, which normalize the data between individuals.
Furthermore, LOSO-CV is computationally expensive compared to
5-fold validation, especially if the number of subjects is high. This
is because it requires training and evaluating one model per subject
(tested with one subject and trained with the rest).

Although we have not used any windowing or any feature extraction
on each feature, such as the standard temporal and frequency features:
mean, average, sleekness, entropy, etc., our results could help
other studies to windowing and extract the standard features over
SV Mggy, RUF and %HRR, and improve the HAR detection. Using
such feature extraction would make our results less transparent and
more dependent on the feature extraction than on the feature manual
selection, hiding our proposal.

VI. CONCLUSION

This study demonstrates that incorporating features related to the
MET, such as the SV Mgy, the RUF, and the %HRR, significantly
improves the accuracy of HAR models. These features provide a
more robust representation of movement and physiological data,
allowing for better differentiation of challenging activities, such as
stair climbing and household chores, which are difficult to distinguish
using only raw acceleration data.

Our results show that using these features leads to accuracy
improvements of up to 166.67%, especially for stair climbing and
household chores. This highlights the importance of feature selection
and preprocessing in HAR tasks. The integration of heart rate data
with acceleration data enhances the detection of activity intensity,
demonstrating the value of combining physiological metrics with
movement data for more precise activity recognition.

By leveraging these features, our approach contributes to
developing more reliable HAR systems with potential applications in
healthcare, fitness tracking, and everyday activity monitoring.
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