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Abstract

This article presents PrevOccupAI-HAR, a new publicly available dataset designed to
advance smartphone-based human activity recognition (HAR) in office environments.
PrevOccupAI-HAR comprises two sub-datasets: (1) a model development dataset collected
under controlled conditions, featuring 20 subjects performing nine sub-activities associated
to three main activity classes (sitting, standing, and walking), and (2) a real-world dataset
captured in an unconstrained office setting captured from 13 subjects carrying out their
daily office work for six hours continuously. Three machine learning models—namely,
k-nearest neighbors (KNN), support vector machine (SVM), and Random Forest (RF)—were
trained on the model development dataset to classify the three main classes independently
of sub-activity variation. The KNN, SVM, and RF models achieved accuracies of 90.94%,
92.33%, and 93.02%, respectively, on the development dataset. When deployed on the
real-world dataset, the models attained mean accuracies of 69.32%, 79.43%, and 77.81%,
reflecting performance degradations between 21.62% and 12.90%. Analysis of sequential
predictions revealed frequent short-duration misclassifications, predominantly between
sitting and standing, resulting in unstable model outputs. The findings highlight key
challenges in transitioning HAR models from controlled to real-world contexts and point to
future research directions involving temporal deep learning architectures or post-processing
methods to enhance prediction consistency.

Keywords: dataset; human activity recognition; machine learning; occupational health

1. Introduction
Over the past two decades, the prevalence of sedentary and office-based work has

increased substantially. A Eurostat survey conducted in 2017 reported that 39% employees
in the European Union (EU) perform sedentary work [1], a trend that is expected to con-
tinue in the future. Office work is predominately characterized by low-variability activities,
including prolonged sitting, often accompanied by static postures [2]. Prolonged static
sitting has been associated with lower back, neck, and shoulder pain; type 2 diabetes;
cardiovascular diseases; and obesity [2,3]. Moreover, high job demands, combined with
low job resources, impact office workers’ psychosocial well-being [4]. The compound
effects of these factors contribute to the development of work-related musculoskeletal
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disorders (WRMDs), stress, depression, and anxiety, which affect 7.4% of workers in the
EU [5]. More generally, WRMSDs arise from a combination of occupational risk factors,
including high mechanical demands, repetitive or forceful tasks, sustained or extreme
postures, and insufficient recovery [6]. While high-demand lifting tasks are well-known
contributors to WRMSDs in many occupational settings, physically demanding postures
are also recognized as relevant risk factors, particularly when involving non-neutral body
postures in either dynamic or static configurations engaging relatively vulnerable muscle
regions, such as the shoulders, neck, upper limbs, or lower back [6]. In typical office
work, static configurations are more prevalent due to prolonged sedentary behavior, re-
sulting in low-load but long-duration postural exposure, which still represents a relevant
occupational risk profile. WRMDs negatively impact worker productivity and increase
absenteeism, resulting in increased economic costs and medical burdens for individuals
and organizations [6,7]. Given their complex, multifactorial nature, the prevention of
WRMDs and associated mental health conditions requires goal-oriented strategies that
target various factors, including exposure to physical, psychosocial, and environmental
risks [8].

Assessing these occupational risk factors effectively requires a context-aware assess-
ment framework, meaning that it is necessary to know which activity the worker is carrying
out at any moment throughout the workday. Such contextual information enables the ex-
traction of activity-specific features relevant for characterizing occupational risks, such as
posture-related indicators during sitting or standing and gait-related indicators during
walking, among others. A suitable approach for addressing this problem is machine learn-
ing (ML)-based human activity recognition (HAR). HAR aims to identify human physical
activities using sensor or video data [8,9]. In office environments, sensor-based HAR is
generally preferable, as video-based approaches may compromise worker privacy and are
additionally affected by practical limitations such as sensitivity to illumination conditions,
occlusions caused by furniture or other occupants, and reduced portability across different
workspaces [10,11].

Reliable human activity recognition requires the availability of well-designed, anno-
tated datasets that capture the variability of human behavior across different contexts and
populations. HAR datasets play a central role in the development, training, and evaluation
of machine learning models, as they define not only the set of activities to be recognized
but also the conditions under which these activities are performed, such as environmental
constraints, sensor placement, activity duration, and inter- and intra-subject variability [12].
The quality and representativeness of these datasets therefore strongly influence the gener-
alizability and real-world applicability of HAR algorithms.

Although several sensor-based HAR datasets have been proposed, many are limited
to a small set of highly constrained activities, often exhibiting low inter- and intra-class
variability and being recorded over short durations [13–15]. Moreover, a substantial portion
of existing datasets focuses on activities of daily living (ADLs) rather tan office-specific work
tasks [13–17]. In this work, office activities are considered distinct from generic activities of
daily living, as they are performed in a specific occupational context and are characterized
by prolonged sedentary behavior, task repetitiveness, and constrained postures that are not
typically captured in ADL-focused datasets. As a result, these datasets do not adequately
reflect the variability, temporal continuity, and contextual ambiguity encountered in real-
world office environments. Furthermore, most available datasets are collected under
controlled conditions, capturing clearly defined activities, limiting their utility for the
evaluation of model generalization and robustness in unconstrained, real-world settings.
Consequently, there remains a need for datasets that capture realistic work activities and
support the evaluation of ML models under both controlled and real-world conditions.
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The presented work addresses this gap by introducing a novel smartphone sensor-
based dataset: the PrevOccupAI-HAR dataset. It consists of two labeled sub-datasets:
a model development (MD) dataset capturing nine sub-activities that can be associated
with three main activities (sitting, standing, and walking), performed by 20 subjects in a
controlled environment, and a model evaluation (ME) dataset comprising six hour-long
recordings from 13 subjects performing their daily office work. In addition to the proposed
datasets, the current manuscript evaluates how identifiable each activity is in each set.
Three ML models—namely k-nearest neighbors (KNN), support vector machine (SVM),
and Random Forest (RF)—are trained on the MD dataset and subsequently evaluated on
the ME dataset to establish a performance baseline and assess differences between activity
identification in controlled and unrestricted scenarios. Thus, the main contributions of this
work can be summarized as follows:

• Introduction of PrevOccupAI-HAR, a new publicly available smartphone-based hu-
man activity recognition dataset specifically targeting office environments;

• Design of a dual acquisition protocol comprising both a controlled laboratory dataset
and long-duration real-world office recordings, enabling the study of generalization
from controlled to unconstrained conditions;

• Provision of a detailed and reproducible data acquisition, annotation, and pre-
processing pipeline tailored to office-based activities;

• Establishment of baseline performance benchmarks using classical machine learn-
ing models (KNN, SVM, and RF) for the recognition of sitting, standing, and
walking activities;

• Empirical analysis of the performance degradation observed when deploying models
trained under controlled conditions to real-world office scenarios, highlighting key
challenges for practical HAR deployment.

The remainder of this paper is organized as follows. Section 2 reviews related work
on sensor-based human activity recognition and existing datasets. Section 3 describes
the proposed dataset, acquisition protocols, pre-processing steps, and baseline machine
learning models. Section 4 presents the experimental results, which are discussed in
Section 5, followed by concluding remarks in Section 6.

2. Related Work
HAR is a complex task influenced by several factors, including the diversity and

number of activities under study; the duration of these activities; intersubject variability,
since individuals may perform the same activity differently; and intrasubject variability over
time. These factors can impact HAR frameworks, often limiting their generalizability [18].
In the literature, there is often a distinction between basic and complex activities. Basic
activities typically involve low-variability movements that can consist of clear, repetitive
patterns, making them easier to distinguish. In contrast, complex activities usually consist
of compound actions that may include combinations of basic activities, interactions with
objects, or sequences of movements, resulting in much higher variability [19–24].

Table 1 summarizes representative sensor-based HAR datasets, highlighting differ-
ences in activity scope, acquisition conditions, sensor configurations, dataset duration,
and key limitations relevant to real-world office environments. Some of the most commonly
used datasets for HAR focus on ADLs. Examples include the UCI-HAR [13], WISDM [14],
MHEALTH [15,25], PAMAP2 [16], and HARTH [17] datasets. The UCI-HAR dataset con-
tains data from 30 subjects performing six basic activities: standing, sitting, walking, lying
down, and ascending/ descending stairs. Each activity was recorded for 30 s using a
smartphone placed at the waist, which collected accelerometer (ACC) and gyroscope (GYR)
data. WISDM includes a similar set of activities, except lying down. Data was collected
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from 29 participants using a smartphone positioned on the leg, recording ACC data for
a total of 25 min per subject. The MHEALTH dataset also includes these basic activities,
with additional movements such as bending forward at the waist, crouching, and front
arm raises, each lasting one minute. Data was collected from ten subjects using multiple
wearable sensors, capturing ACC, GYR, and magnetometer (MAG) data. For PAMAP2,
nine subjects were recruited to perform 12 activities, including lying down, sitting, stand-
ing, walking, running, cycling, nordic walking, ironing, vacuuming, rope jumping, and
ascending/descending stairs. Data was acquired for a total of 60 min per subject using
three IMUs attached to the chest, the wrist of the dominant arm, and the ankle of the
dominant leg. Finally, the HARTH dataset was collected from 22 adults using two triaxial
ACCs on the right thigh and lower back, with additional video recordings for annotation.
It includes twelve labeled activities: sitting, standing, lying, walking, running, stairs (as-
cending/descending), shuffling (standing with leg movement), cycling (sitting/standing),
and transport (sitting/standing). Recordings were conducted in a controlled session of
one to two hours per participant and a free-living session of approximately one hour
per participant.

Table 1. Comparison between existing HAR datasets and the proposed PrevOccupAI-HAR dataset.

Dataset Env. # Act. Context Duration # Subj. Device Type Sensor(s) Placement Models

UCI-HAR [13] contr. 6 ADL ∼30 s/
activity

30 smartphone ACC
GYR

waist SVM

WISDM [14] contr. 6 ADL ∼25 min/
subject

29 smartphone ACC pocket DT
log. reg.

MLP
MHEALTH [15,25] contr. 12 ADL

Sports
∼60 s/
activity

&
20 reps./
activity

10 Shimmer2 ACC
GYR
MAG
ECG

chest
ankle
wrist

DT

PAMAP2 [16] contr. 12 ADL
Sports

∼60 min/
per subject

9 Colibri IMU
(Triviso)

ACC
GYR
MAG
ECG

chest
ankle
wrist

DT
boosted DT
bagging DT

NB
KNN

HARTH [17] contr.
&

uncontr.

12 ADL
Sports

∼120 min/
per subject

22 Activity AX3
GoPro Hero3+

ACC thigh
lower back

RF
SVM
KNN
XGB

Bi-LSTM
CNN

PrevOccupAI-HAR MD
(this work)

contr. 9 office work ∼65 min/
per subject

20 smartphone ACC
GYR
MAG
ROT

chest RF
SVM
KNN

PrevOccupAI-HAR ME
(this work)

uncontr. N.R. office work ∼6 h/
per subject

13 smartphone ACC
GYR
MAG
ROT

chest RF
SVM
KNN

Env.: environment; # Act.: number of activities; # Subj.: number of subjects; contr.: controlled; uncontr.: uncon-
trolled; N.R.: no restriction; ADL: activity of daily life; IMU: inertial measurement unit; ACC: accelerometer; GYR,
gyroscope; MAG: magnetometer; ROT: rotation vector; ECG: electrocardiogram; SVM: support vector machine;
DT: decision tree; log. reg.: logistic regression; MLP: multilayer perceptron; NB: naive Bayes; KNN: k-nearest
neighbor; RF: random forest; XGB: extreme gradient boosting; Bi-LSTM: bidirectional long short-term memory
cell; CNN: convolutional neural network.

Other datasets, such as SKODA [26] and REALDISP [27], focus on more complex
activities. SKODA involves ten activities performed by eight subjects on a car assembly line,
with an Inertial Measurement Unit (IMU) placed on the back of their hands. REALDISP
features 33 fitness exercises performed by 17 subjects, with data collected using nine IMUs
placed on both arms, both legs, and the back.
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Despite the wide range of publicly available HAR datasets, from basic activities to
complex, multi-component tasks, none specifically captures the activity characteristic of
office work. While Kim et al. [28] proposed a dataset for HAR in office environments,
it is limited to a conference-room setting and relies solely on ambient sensors, leaving
a gap in datasets that capture unrestricted office work in realistic settings. Such data
is essential for developing context-aware occupational health assessment systems for
office workers. Furthermore, current datasets are collected in controlled environments
and used for the training and testing of HAR models, offering no validation of their
performance in unrestricted, real-world settings. Therefore, there is a need for datasets that
specifically capture tasks of office work and include unrestricted, real-world activities. This
work introduces the PrevOccupAI-HAR dataset, which consists of two sub-datasets: one
capturing activities of office work in a controlled environment and a second containing
full-workday recordings of unrestricted tasks of office work.

3. Materials and Methods
The following sections describe the proposed approach for smartphone-based human

activity recognition in office environments, including a description of the two acquired and
labeled datasets. This is followed by an explanation of the applied signal pre-processing
and feature extraction pipelines. Finally, three machine learning models—namely, KNN,
SVM, and RF—are trained on the first dataset and subsequently deployed and evaluated
on the second. The dataset can be downloaded by requesting access via prevoccupai-
har@dfki.de, and the utilized Python 3.12 code base is publicly available at https://github.
com/p-probst/PrevOccupAI_HAR_JA (accessed on 10 February 2026).

3.1. Datasets

With the purpose of performing HAR in office environments, two datasets were
acquired: (1) a dataset acquired under controlled conditions for ML model development
and (2) a dataset acquired in a real-world setting for model evaluation.

The MD dataset contains data from 20 healthy subjects, comprising 14 women and
six men, aged between 19 and 54 years (27.0 ± 8.7 years). The dataset was acquired on
the premises of the NOVA School of Science and Technology—specifically, at the LIBPhys
Biosignals lab and in the surrounding area. The dataset contains nine sub-activities that can
be associated with three main activities. This structure was chosen based on hierarchical
task analysis [29], an ergonomic technique that decomposes complex tasks into main
activities and their corresponding sub-activities. Following this approach, workers in
office settings typically engage in activities associated with sitting, standing, and walking.
The corresponding sub-activities were chosen based on common tasks executed in daily
office work. For activities associated to standing, four sub-activities were chosen—namely,
standing still; standing while conversing (i.e., talking with a colleague); making/drinking
coffee or tea; and moving objects/folders inside a tall cabinet with objects placed at different
levels, ensuring that subjects had to reach up and down. Walking data were collected at
different speeds. Subjects walked at slow, medium (i.e., preferred walking pace), and fast
paces. Walking up and down stairs was also recorded. Finally, for sitting, standard
computer work was chosen. The resulting hierarchical structure is presented in Figure 1.

The ME dataset comprises 13 healthy subjects (eight women and five men) aged
between 18 and 34 years (24.2 ± 3.7 years). Some of these subjects participated in the data
collection for the MD dataset. For this dataset, subjects carried out their daily work tasks
for six hours.

The subject details for both datasets, comprising subject ID, sex, age, and dataset
participation, are described in Table 2.
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9 Sub-Activities

• Walking slow

• Walking medium

• Walking fast

• Walking up/downstairs

• Seated working

on a computer 

• Standing still

• Standing conversing

• Moving objects/folders

• Making/drinking coffee

Sitting Standing Walking

3 Main Activities

Figure 1. Hierarchical task description of recorded activities within the MD dataset.

Table 2. Subject descriptions for the model development and model evaluation datasets.

Subject ID Sex Age (Years) Model
Development

Model
Evaluation

P001 F 22 ✓ ✓
P002 F 22 ✓ ✓
P003 F 22 ✓ —
P004 F 54 ✓ —
P005 M 22 ✓ ✓
P006 F 23 ✓ —
P007 F 20 ✓ —
P008 M 33 ✓ ✓
P009 M 23 ✓ —
P010 F 22 ✓ —
P011 F 24 ✓ —
P012 M 24 ✓ ✓
P013 F 21 ✓ —
P014 F 24 ✓ —
P015 F 28 ✓ ✓
P016 F 19 ✓ —
P017 M 40 ✓ —
P018 F 21 ✓ —
P019 F 27 ✓ —
P020 M 41 ✓ —
P021 F 23 — ✓
P022 F 23 — ✓
P023 F 23 — ✓
P024 F 18 — ✓
P025 F 23 — ✓
P026 M 22 — ✓
P027 M 25 — ✓

3.2. Sensor Setup

For both datasets, data was acquired using a Xiaomi Redmi Note 9 smartphone (Beijing,
China) that was strapped to the subject’s chest, as shown in Figure 2. This placement follows
the sensor placement setup utilized in the PrevOccupAI project [30]. The purpose of this
placement is two-fold: (1) it allows for tracking of human activities, and (2) when the
subject is seated, trunk movement can be collected, effectively allowing for characterization
of seated postures throughout the workday. This placement can also be utilized as a proxy
for the development of sensorized garments.

The utilized smartphone runs on the Android operating system and was used to
acquire triaxial ACC, GYR, and MAG data, as well as rotation vector (ROT) data. Data
collection was carried out using the PrevOccupAI application (v1.0) [31], which allows for
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acquisition of data from internal smartphone sensors. ACC, GYR, and ROT were acquired
at 100 Hz, while MAG was sampled at 50 Hz due to restrictions of the Android OS.

Figure 2. Placement of smartphone for data acquisition. The phone’s axes are indicated.

3.3. Acquisition Protocol
3.3.1. Model Development Dataset

Following HTA, a total of 15 min, 30 min, and 20 min were acquired for sub-activities
associated with sitting, standing, and walking, respectively. Similar sub-activities were
grouped together to form five separate sessions. Each session included clearly defined
sections in which the subject was instructed to perform a specific sub-activity. At the
beginning of each recording session, each subject performed roughly ten jumps for syn-
chronization purposes. To facilitate the segmentation of the sub-activities performed in the
same recording, short pauses were introduced in between. These pauses were ten-seconds
stops (no movement) for activities associated with walking, and ten-seconds stops with a
jump in the middle for activities performed while standing. The described segmentation
patterns are shown in Figure 3 for walking and standing-related acquisition. The sitting
acquisition was performed continuously.

1

2

3

Figure 3. Segmentation patterns within a walking (top) and standing (bottom) recording: (1) synchro-
nization jumps; (2) ten-second stop; (3) ten-second stop with jump in the middle.

The first session involved subjects walking at their personal slow, medium, and fast
paces. The recordings were performed on even and stable ground. Each walking speed was
acquired for five minutes, totaling 15 min. The second session comprised walking up and
down stairs alternately for four segments (two stairs up and two stairs down) of one minute
and 15 s, totaling five minutes. Some subjects—namely, P002, P004, and P007—performed
eight segments (four walking up stairs and four walking down stairs) of around 35 s due to
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the acquisition taking place on a shorter staircase. The third session included two standing
tasks involving a cabinet, each lasting seven minutes and 30 s (for a total of 15 min). The first
task simulated the preparation and drinking of coffee or tea, while during the second
task, subjects were asked to organize items like folders, papers, and boxes, among others,
within the cabinet. The fourth recording consisted of standing still and standing while
conversing for seven minutes and 30 s each, totaling 15 min. The standing-still task was
divided into two segments for the subjects’ comfort. Subjects were instructed to stand
as if they were waiting for an elevator or a colleague or in front of a conference room.
Finally, the fifth session comprised sitting while working on a computer for 15 min. Figures
depicting each of the described sessions are presented in Appendix A, Figures A1–A3.

3.3.2. Dataset for Model Evaluation in a Real-World Office Setting

No specific instructions were given to the subjects during data acquisition for the
model evaluation dataset, as the purpose was to acquire data in a real-world office envi-
ronment. Participants were encouraged to carry out their typical daily work tasks while
labeling the three main activities: sitting, standing, and walking.

To facilitate the process of annotating/labeling the performed activities throughout the
workday, an android application was implemented, as shown in Figure 4. This application
allows for logging of the start of an activity. Given that the goal of the proposed models is
to classify the main activity (sitting, standing, or walking), regardless of the sub-activity,
the application provides three buttons to indicate which activity is currently being carried
out. Once the button has been pressed, the application logs the activity, together with the
timestamp, into a semicolon-separated TXT-file. The log is also presented in the app and
updated in real-time. To provide a high resolution, the timestamp records the hour, minute,
second, and millisecond of the button press in the format of “HH:MM:SS.ms”. Subjects
were instructed to press the corresponding activity button once they initiated an activity.

Figure 4. App for logging performed activities during acquisition of the ME dataset.

Accounting for delays introduced by participant reaction times during manual la-
beling, as well as potential omissions or mislabeling events, all generated label files were
systematically reviewed and corrected by two independent experts. The correction process
involved visual inspection of the activity labels in conjunction with the corresponding
sensor signals, with particular emphasis on the y-axis of the accelerometer (ACC) data.
Label timestamps were adjusted to align with the estimated onset of each activity. The in-
dependently revised label sets were subsequently jointly reviewed by both experts and
merged through consensus to produce the final corrected annotation files.
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3.4. Data Pre-Processing
3.4.1. Signal Alignment and Resampling

The Android operating system is not optimized for continuous data acquisition,
resulting in some inconsistencies during the data collection process, including the fact
that the sensors do not start and stop data collection synchronously and that data is not
acquired at a fixed sampling rate. To obtain equidistantly and synchronously acquired
sensor data, the signals were first cropped to the same length based on the timestamps
of the latest starting and earliest stopping sensor and subsequently padded using same
padding if necessary. Once the sensors had been aligned in time, the data of each sensor
were re-sampled to 100 Hz using cubic-spline interpolation for the inertial sensors (ACC,
GYR, and MAG) and spherical linear interpolation (SLERP) for the rotation vector data
to ensure uniform representation of the input data across sensor modalities. This choice
was made to preserve the native temporal resolution of the ACC, GYR, and ROT sensors
while enabling consistent temporal alignment and windowing across all channels.

3.4.2. Task Segmentation for the Model Development Dataset

Since multiple sub-activities were performed in the same recording for the MD dataset,
the corresponding tasks needed to be segmented to ensure that each segment only contained
data from a single sub-activity. Given the introduction of different segmentation patterns for
activities related to walking and standing, two segmentation algorithms based on the ACC
y-axis were implemented. Before applying the segmentation pipeline, the synchronization
jumps at the beginning of each recording were removed. The signal was then pre-processed
using the pre-processing scheme described in Ref. [13], with some additional steps. This
scheme consists of a median filter with a window size of wMF = 11 and a 3rd-order
Butterworth low-pass filter with a cutoff frequency of 20 Hz. The signal is then normalized
by its maximum value, followed by the removal of the gravitational component through
subtraction of the low-pass-filtered ( fc = 0.3 Hz) signal.

To extract the sub-activities associated with walking, an onset-based task segmentation
approach was implemented. After pre-processing, the signal is rectified and smoothed
using a root-mean-square filter (wRMS = 100) to obtain the signal’s envelope. The signal
is then binarized, setting values with an amplitude above the threshold of T = 0.01
(experimentally found) to one and those below the threshold to zero. Finally, the first-
order discrete difference is calculated to detect the start and stop points of each walking
sub-activity. Resulting segments that are shorter than tmin = 30 s are discarded to remove
falsely detected instances. The signals are then cropped using these indices.

A peak-based approach was used to segment the standing sub-activities. This con-
sisted of detecting the jumps performed in between sub-activities using the findpeaks
function from SciPy [32] with a peak height pheight = 0.4 and a peak distance of pdist = 120 s
(two minutes). Since the jump occurs in the middle of the ten-second stop, the peak is
approximately centered. Therefore, the start and end of each sub-activity are set to five
seconds before and after the peak, respectively. The signals are then cropped using these
indices. The peak height and minimum peak distance parameters were empirically op-
timized for the proposed segmentation strategy. Specifically, their values were selected
through iterative testing and visual inspection of representative signals to ensure a reliable
separation of activity segments while avoiding over-segmentation or missed transitions.

For some of the subjects, the above-mentioned parameters had to be adapted to obtain
a valid segmentation. The used parameters and the corresponding subjects are presented in
Table A1. After segmentation of each sub-activity, the resulting file was labeled accordingly.
The utilized naming convention was “{activity}_{sub-activity}” (e.g., “walking_medium”)
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and “{activity}_{sub-activity}_{repetition}” for activities with multiple repetitions, as well
as walking up/down stairs and standing still (e.g., “stairs_up_1”).

3.4.3. Signal Pre-Processing

After segmentation of the sub-activities, each signal was pre-processed. For pre-
processing of the inertial sensor data (ACC, GYR, and MAG) the approach described in
Ref. [13] was followed, with the additional steps for the ACC as described in Section 3.4.2.
For the ROT data, first non-unit quaternions are removed from the data. These can occur
due to inaccuracies in Android sensor readings. The cleaned series is then smoothed using
SLERP with a smoothing factor of 0.3 (experimentally found), as described in Ref. [33]
and following the implementation offered by The Mathworks Inc [34]. Using SLERP for
smoothing quaternion series is equal to applying a single-pole low-pass filter, where the
alpha parameter corresponds to the smoothing factor.

3.5. Feature Extraction

After pre-processing the signals, the data was windowed using a window size of
w = 5 s and an overlap of 50 percent. For each sensor axis, 15 features were extracted
per window. Feature extraction was performed using the Time Series Feature Extrac-
tion Library (TSFEL) [35]. The TSFEL allows for the extraction of features from three
domains—namely, the spectral, statistical, and temporal domains. The extracted features
with their corresponding domains are presented in Table 3.

Table 3. Extracted features, along with their mathematical definitions and physical interpretations [35].

Domain Feature Definition Physical Meaning

Spectral Human range energy [36] Ratio between the energy in the frequency range of 0.6–2.5 Hz and
the whole energy band

Max. power spectrum max(P( f )) Maximum power spectrum density
Median frequency ∑

fm
f=0 P( f ) = 1

2 ∑ f P( f ) Frequency dividing spectral energy into two equal parts
Power bandwidth [37] Power spectrum density bandwidth of the signal
Spectral entropy −∑ p( f ) log p( f ) Spectral entropy of the signal based on Fourier transform

Statistical Interquartile range Q75 − Q25 Robust measure of signal dispersion
Max. max(x) Maximum signal amplitude
Mean µ = 1

N ∑N
i=1 xi Average signal level

Median x̃ Central tendency robust to outliers
Min. min(x) Minimum signal amplitude

Root mean square
√

1
N ∑N

i=1 x2
i Signal magnitude and energy

Skewness 1
N ∑

(
xi−µ

σ

)3
Signal asymmetry

Standard deviation σ =
√

1
N ∑(xi − µ)2 Signal variability

Variance σ2 Power of signal fluctuations

Temporal Mean absolute diff. 1
N−1 ∑N−1

i=1 |xi+1 − xi| Average temporal variation between consecutive samples

Additionally, quaternion-based features were extracted for the rotation vector data.
For each window, the geodesic distance between all quaternions was calculated, and
from this, the mean distance, standard deviation, and total distance (sum of geodesic
distances) were calculated. Thus, a total of 197 features (15 features per sensor axis plus the
three quaternion-based features) were extracted for each window.

3.6. Model Development

The objective of this study is not to propose novel classification architectures but,
rather, to establish a clear and reproducible baseline for the evaluation of the proposed
dataset. For this reason, we focus on widely adopted traditional machine learning
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classifiers—namely KNN, SVM, and RF. These models are commonly used in the HAR lit-
erature due to their interpretability, relatively low computational cost, and well-understood
behavior across different dataset sizes [13,17,21]. Therefore, in this work, KNN, SVM,
and RF are employed as baseline benchmarks, enabling fair comparisons and providing a
reference point for future studies that may explore more advanced modeling approaches.
The objective of these models is to classify the three main activities (sitting, standing,
and walking), regardless of the specific sub-activity being performed. The features for the
RF model were passed without scaling, while for the KNN and SVM models, a standard
scaler was utilized.

3.6.1. Data Balancing and Train–Test Split

Given that the MD dataset described in Section 3.3.1, exhibits an imbalanced distribu-
tion across the three main activity classes (sitting, standing, and walking), a class-balancing
procedure was applied prior to model training. Class imbalance can bias the learning
process of distance-based and ensemble-based classifiers such as KNN and RF by favor-
ing majority classes and degrading minority-class performance. To mitigate this effect
and ensure a fair comparison across activity classes, the dataset was balanced through a
deterministic sub-sampling procedure applied at the level of the sub-activities. The corre-
sponding algorithm for this process is shown in Algorithm 1.

Algorithm 1: Balancing of Main Activity Classes
Input: Subject-by-sub-activity instance matrix C
Output: Number of instances to sample per sub-activity for Sit, Stand, and Walk
Compute the minimum number of instances per sub-activity across all subjects:

ma = min
s∈S

Cs,a, ∀a ∈ A

Determine the minimum available instances among walking sub-activities:

mwalk = min
a∈Awalk

ma

Determine the minimum available instances among standing sub-activities:

mstand = min
a∈Astand

ma

Compute total feasible instances per main class:

Twalk = mwalk · |Awalk|

Tstand = mstand · |Astand|

Select the limiting total number of instances:

T = min(Twalk, Tstand)

Compute instances per sub-activity:

nwalk =

⌊
T

|Awalk|

⌋

nstand =

⌊
T

|Astand|

⌋
Assign nsit = T
return (nsit, nstand, nwalk)
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After balancing, the data were divided into training and testing sets using a predefined,
subject-independent split. All samples from a given subject were assigned exclusively to
either the training or testing set, thereby preventing data leakage across splits. Furthermore,
none of the subjects included in the ME dataset were present in the training set of the MD
dataset, ensuring that the ME dataset represents a completely unseen population when
deploying the trained models in the unrestricted real-world scenario. Specifically, subjects
‘P001’, ‘P002’, ‘P005’, ‘P012’, and ’P015’ were reserved for the testing set of the MD dataset.
This split corresponds to a 70/30 train–test split, comprising 7756 training instances and
3324 testing instances.

3.6.2. Feature Selection

To reduce the dimensionality of the feature vector, a model-agnostic feature selection
pipeline was implemented. This pipeline consists of removing (1) low-variance features
with σ2 = 0.1 and (2) features exhibiting a pairwise Pearson’s correlation coefficient of
ρ > 0.9 and (3) selecting the k best features based on the ANOVA F value between each
feature and the main class labels. To evaluate model performance across different feature-set
sizes, different values for k were tested—namely k ∈ {5, 10, 15, 20, 25, 30, 35}.

3.6.3. Hyperparameter Tuning

Hyperparameter tuning was performed via grid search for each of the three ML
models and for each of the k best feature sets using a GroupKFold with K = 5, ensuring that
samples from the same subject were never distributed across the training and validation
folds [38]. Model accuracy was utilized as the optimization criterion. The hyperparameters
and corresponding values tested for the KNN, SVM, and RF models are shown in Table 4.
The feature set that resulted in the highest accuracy, along with the corresponding best
hyperparameters, was then used to train the models on the training set and evaluate them
on the test set using accuracy, precision, recall, and F1 score as evaluation metrics.

Table 4. Hyperparameter search space used for grid search.

Model Hyperparameter Search Space

KNN n_neighbors 1–14
p 1 (Manhattan), 2 (Euclidean)

SVM
C 10n, where n ∈ [−4, 3] ∩Z

kernel rbf, linear
gamma 1 10n, where n ∈ [−5, 0] ∩Z

RF
criterion gini, entropy
n_trees 50, 100, 500, 1000

max_depth 2, 5, 10, 20, 30
1 Only used when the kernel is rbf.

3.7. Model Evaluation

The trained models were evaluated on the ME dataset to validate their performance in
real-world office settings. The same pre-processing pipeline, windowing, and feature extrac-
tion pipeline as for the MD dataset were applied to the entire six-hour signal. The models
were evaluated subject-wise based on accuracy, precision, recall, and F1 score. Their for-
mal definitions are provided in Appendix C. Subsequently, the mean, standard deviation,
and an approximate 95% confidence interval (CI) were calculated over all subjects for the
respective metrics. The approximate CI was calculated as

CI(95%) = ±1.96

√
p(100 − p)

N
, (1)
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where p is the mean of the respective metric over all subjects and N = 13 is the number of
subjects in the ME dataset.

4. Results
4.1. Model Development Dataset

Table 5 shows the best model configurations for KNN, SVM, and RF, along with their
corresponding training and testing metrics. Table A2 presents the optimized feature set
for each model. Training accuracy is high among all models, with all of them reaching
values above 90%. The RF model reaches a training accuracy of 100%. The RF model
achieved the highest test accuracy, at 93.02% using 25 features, followed by the SVM model,
with 92.33% (−0.69%) using 25 features, and the KNN model, with 90.94% (−2.08%) using
30 features. Figure 5 shows the confusion matrices for the three models. All models
struggled most with distinguishing sitting from standing, with the KNN having the most
confusion. Confusion with regards to the walking class is the lowest, with RF exhibiting
the most misclassified instances.

(a) (b) (c)

Figure 5. Obtained confusion matrices for the MD dataset. 0: sitting; 1: standing; 2: walking. (a) KNN;
(b) SVM; (c) RF.

Table 5. Optimal configurations and performance metrics for KNN, SVM, and RF models.

Model Nr.
Feat. Parameters

Train
Acc.
(%)

Train
Prec.
(%)

Train
Rec.
(%)

Train F1
(%)

Test
Acc.
(%)

Test
Prec.
(%)

Test
Rec.
(%)

Test F1
(%)

KNN 30 n_neighbors: 13 94.00 94.10 94.00 93.96 90.94 91.16 90.94 90.95p: Manhattan

SVM 25
C: 10

92.96 93.02 92.96 92.95 92.33 92.36 92.33 92.34kernel: rbf
gamma: 0.01

RF 25
criterion: entropy

100.00 100.00 100.00 100.00 93.02 93.13 93.02 93.05max_depth: 20
n_trees: 1000

Nr. Feat.: number of features; Acc.: accuracy; Prec.: precision; Rec.: recall; F1: F1 score.

4.2. Model Evaluation Dataset

The models achieving the highest performance on the development dataset were
subsequently deployed on the ME dataset to evaluate their performance in real-world
settings. Subject-specific results, as well as the overall mean and standard deviation, are
shown in Table 6. In this dataset, all three models decreased in accuracy, with the KNN
model exhibiting the largest drop (−21.62%), followed by the RF (−14.21%) and SVM
(−12.90%) models. Given this, the SVM model achieved the highest accuracy of 79.43%,
followed by RF, with 77.81%, and KNN, with 69.32%. The standard deviations for the KNN,
SVM, and RF models were 10.21%, 5.84%, and 7.50%, respectively. To better understand
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model behavior when classifying real-world six-hour recordings, plots were generated for
each subject, displaying the true labels over time alongside the predictions from the three
models. Figure 6 shows this plot for the subject with the highest overall accuracy (P008).
As shown, the classifiers frequently introduced brief misclassifications between sitting and
standing, resulting in a jittery output. This behavior can be observed among all subjects in
the ME dataset.

Table 6. Classification results per subject using KNN, SVM, and RF on the real-world dataset.

Subject
KNN Results (%) SVM Results (%) RF Results (%)

Acc. Prec. Recall F1 Acc. Prec. Recall F1 Acc. Prec. Recall F1

P001 84.09 88.76 84.09 85.80 84.11 89.55 84.11 86.02 84.83 90.91 84.83 86.82
P002 64.07 95.45 64.07 74.25 77.20 95.94 77.20 83.83 75.38 96.10 75.38 82.63
P005 81.39 92.99 81.39 85.80 87.78 93.67 87.78 90.07 83.82 94.48 83.82 87.65
P008 85.54 90.92 85.54 87.48 89.09 91.14 89.09 89.91 90.57 91.56 90.57 90.98
P012 70.33 88.95 70.33 76.64 76.30 89.69 76.30 81.11 77.46 90.42 77.46 82.02
P015 69.50 84.58 69.50 74.31 83.20 86.90 83.20 84.64 83.88 87.83 83.88 85.35
P021 52.12 86.05 52.12 60.70 72.94 87.91 72.94 77.99 68.69 88.69 68.69 74.90
P022 67.34 85.32 67.34 73.95 76.34 87.02 76.34 80.53 73.21 87.33 73.21 78.44
P023 75.90 88.62 75.90 80.41 84.98 90.46 84.98 87.00 83.63 90.97 83.63 86.20
P024 63.95 81.22 63.95 70.61 78.75 82.71 78.75 80.53 79.06 83.18 79.06 80.88
P025 67.55 93.05 67.55 76.93 73.94 93.39 73.94 81.49 67.08 93.53 67.08 76.70
P026 64.00 79.42 64.00 68.16 70.59 82.47 70.59 73.98 66.48 82.42 66.48 70.53
P027 55.43 61.12 55.43 54.53 75.35 77.75 77.35 77.45 77.49 78.41 77.49 77.49

Mean 69.32 85.88 69.32 74.58 79.43 88.35 79.45 82.66 77.81 88.89 77.81 81.58
Std 10.21 8.77 10.21 9.64 5.84 5.08 5.84 4.83 7.50 5.09 7.50 5.82

CI (95%) ±25.07 ±18.93 ±25.07 ±23.67 ±21.97 ±17.44 ±21.97 ±20.58 ±22.59 ±17.08 ±22.59 ±21.07

Acc.: Accuracy, Prec.: Precision, F1: F1-score.
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Figure 6. Model predictions for the entire ME dataset recording of Subject P008. 0: sitting; 1: standing;
2: walking.

5. Discussion
In contrast to laboratory-recorded HAR datasets that enable fine-grained activity

or movement analysis under controlled conditions, the proposed real-world dataset is
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intentionally designed to support low-granularity activity recognition, focusing on sitting,
standing, and walking in everyday office environments. This choice reflects the challenges
of unconstrained data acquisition, where reliable annotation of detailed sub-activities
or limb-level movements is difficult to ensure. The use of a single smartphone as the
sensing device further constrains the range of motion that can be captured. However,
this configuration was deliberately adopted to prioritize ease of use, unobtrusiveness,
and accessibility, given the widespread availability of smartphones in occupational settings.
While this setup limits the assessment of fine-grained kinematics, including elementary
upper-limb movements occurring within standing sub-activities, and temporal activity
structure, it enables scalable data collection in realistic work environments and supports
the study of model generalization beyond laboratory conditions.

The performance patterns observed in both datasets provide indirect evidence for the
quality and reliability of the collected data and labeling process. The high performance on the
MD dataset indicates that the controlled acquisition and the corresponding labels resulting
from the segmentation process are sufficiently informative for discriminating among the
main activity classes. Similarly, although some performance degradation can be observed on
the ME dataset, the models’ ability to correctly identify the majority of activities suggests that
the real-world recordings were accurately labeled and reflect the variability of office work
tasks. These observations support the validity of the dataset for office-based HAR.

As shown in Table 5, all three classification models demonstrate good performance
on the MD dataset. Based on the metrics for the training and testing sets, there is no
indication of substantial overfitting. Moreover, the similarity across the four evaluation
metrics indicates that the models do not favor any particular class, which is expected, given
that this dataset was previously balanced. From the confusion matrices in Figure 5, it can
be concluded that misclassifications mostly occur between the sitting and standing classes.
These activities involve minimal movement, particularly sitting and standing still, and are
therefore harder to distinguish from each other compared to more dynamic activities like
walking. With the smartphone positioned on the chest, the accelerometer signals for sitting
and standing can be very similar, leading to overlapping feature representations. Some
walking instances were also misclassified as standing and vice versa, particularly in the
KNN and RF models. This is likely due to standing activities that involve trunk movement,
such as conversing or reaching into a tall cabinet, which, in some instances, can exhibit cyclic
patterns in the sensor data that can resemble walking. When compared with previous HAR
studies employing classical machine learning approaches, the performance trends observed
in this work are broadly consistent with the literature. Prior studies using KNN, SVM, or RF
classifiers typically report high recognition accuracy under controlled laboratory conditions,
particularly for basic activities such as sitting, standing, and walking [13,14,17]. However,
direct numerical comparisons across studies are inherently limited due to differences in
dataset characteristics, sensor configurations, activity definitions, and evaluation protocols.

Regarding the results of the KNN, SVM, and RF models on the real-world (ME)
dataset, there was an overall decrease in performance, as depicted in Table 6. These results
show that, although models often achieve high performance on balanced and lab-collected
datasets, such as the MD dataset, their ability to identify activities decreases considerably
when applied to real-world, full-day recordings. In real-world settings where subjects are
not restricted in their activities and recordings are long in duration, intra- and inter-subject
variability increases, which can lead to confusion in the models. In this dataset, KNN
remains the worst-performing model. SVM and RF perform similarly, with the SVM model
being marginally better. However, when evaluating the results on a subject basis, RF
sometimes surpasses the SVM model. Several factors may explain this shift. The SVM
model may achieve better generalization than the RF model, resulting in slightly higher
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results in real-world conditions. Additionally, the features that were informative for the RF
model on the MD dataset may not have the same relevance in the ME dataset. Analysis
of the relatively high SDs indicates that the models perform better on some subjects—
likely those with more static behaviors and lower variability in their movements. Finally,
traditional ML metrics can be insufficient for evaluating models in HAR, as illustrated by
the jittery plots in Figure 6. Although Subject P008 shows high overall accuracy, the models
fail to correctly identify continuous segments of the same activity, particularly sitting
and standing. This issue arises not only because these activities are commonly confused,
as shown in the confusion matrices, but also because the KNN, SVM, and RF models do
not take into account the temporal dimension of the signals.

For future work, models that account for the temporal structure of the signals, such
as Long Short-Term Memory (LSTM) networks, should be considered for HAR, partic-
ularly when aiming to apply these models in real-world scenarios like office environ-
ments. Additionally, post-processing methods could be explored to refine and correct the
models’ predictions.

6. Conclusions
This article introduces PrevOccupAI-HAR, a new publicly available dataset for

smartphone-based HAR in office environments. The dataset consists of a dataset for model
development collected under controlled conditions, comprising the data of 20 subjects
performing nine sub-activities that can be associated with three main activities: sitting,
standing, and walking. Additionally, a dataset for model evaluation was collected in a
real-world office setting in which 13 subjects were recorded for six hours while performing
their daily office work. Three ML models—namely RF, SVM, and KNN—were trained on
the model development dataset with the objective of classifying the three main activities,
regardless of the sub-activity. The models were subsequently deployed and evaluated on
the real-world dataset. Test accuracies on the model development dataset reached 90.94%,
92.33%, and 93.02% for the KNN, SVM, and RF models, respectively. When deploying
the models on the real-world dataset, obtained mean accuracies were 69.32% (−21.62%)
for KNN, 79.43% (−12.90%) for SVM, and 78.81% (−14.21%) for RF. Inspection of the se-
quential output of the models on the real-world dataset revealed that all models frequently
introduce brief misclassifications, mostly between sitting and standing classes, resulting in
a jittery output. The main focus of future work should be to improve model performance,
making the models more accurate and consistent in their predictions over time. This could
be tackled by either employing models that account for the temporal structure of the data,
such as LSTM models, or developing post-processing algorithms to improve model output.

Author Contributions: Conceptualization, P.P. and S.S.; methodology, P.P., S.S. and P.K.; software,
P.P. and S.S.; validation, P.P., S.S. and P.K.; formal analysis, P.P., S.S., G.B. and P.K.; investigation, P.P.,
S.S., G.B. and P.K.; resources, P.P. and P.K.; data curation, P.P., S.S., G.B. and P.K.; writing—original
draft preparation, P.P. and S.S.; writing—review and editing, P.P., S.S., G.B., P.K., R.V. and H.G.;
visualization, P.P., S.S. and G.B.; supervision, P.P., R.V. and H.G.; project administration, P.P., R.V.
and H.G.; funding acquisition, P.P., R.V. and H.G. All authors have read and agreed to the published
version of the manuscript.

Funding: The research was partly supported by the Science and Technology Foundation (FCT)
under the PrevOccupAI+ project (2024.07630.IACDC). P. Probst was supported by doctoral grant
RT/BD/152843/2021 financed by the Portuguese Foundation for Science and Technology (FCT)
and with funds from the State Budget under the MIT Portugal Program.

Institutional Review Board Statement: The presented study was approved by the Universidade
Nova de Lisboa Ethics Committee and conducted in accordance with the Declaration of Helsinki.

https://doi.org/10.3390/electronics15040807

https://doi.org/10.3390/electronics15040807


Electronics 2026, 15, 807 17 of 21

Informed Consent Statement: All participants were asked to sign an informed consent after receiving
a thorough explanation of the purpose of the study and the acquisition protocol.

Data Availability Statement: The dataset can be downloaded by requesting access via prevoccupai-
har@dfki.de, and the utilized Python 3.12 code base is publicly available at https://github.com/p-
probst/PrevOccupAI_HAR_JA (accessed on 10 February 2026).

Acknowledgments: This study was conducted within the scope of the PrevOccupAI+ project (Pre-
vention of Occupational Disorders in Public Administration based on Artificial Intelligence PLUS),
a follow-up to the PrevOccupAI project, which aims to characterize daily working activities, working
conditions, and potential risk factors associated with the occupational environment on an individual
organizational levels within the Public Administration. The project was carried out in cooperation
with the Camâra Municipal de Lisboa (Municipality of Lisbon).

Conflicts of Interest: Author Philipp Koch was employed by the company German Research Center
for Artificial Intelligence (DFKI). The remaining authors declare that the research was conducted
in the absence of any commercial or financial relationships that could be construed as a potential
conflict of interest.

Abbreviations
The following abbreviations are frequently used in this manuscript:

WRMDs Work-related musculoskeletal disorders
ML Machine learning
HAR Human activity recognition
ADL Activity of daily living
MD Model development
ME Model evaluation
KNN k-Nearest Neighbor
SVM Support Vector Machine
RF Random Forest
ACC Accelerometer
GYR Gyroscope
MAG Magnetometer
ROT Rotation Vector
SLERP Spherical linear interpolation

Appendix A
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Figure A1. Recording sessions for activities related to walking. (a) Session 1: walking at three
different paces. (b) Session 2: walking up and down stairs.
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Figure A2. Recording sessions for activities related to standing. (a) Session 3: preparing coffee and
moving objects in a cabinet. (b) Session 4: standing still and standing while conversing.

0 200 400 600 800 1000

Time (s)

sitting while working on a computer

Figure A3. Session 5: sitting while working on a computer.

Appendix B. Task Segmentation Parameters

Table A1. Chosen parameters for activity segmentation within the MD dataset.

Subject ID wRMS pheight pdist

P009 100 0.5 120 s
P012, P015, P017, P020 300 0.4 120 s

P019 100 0.35 60 s
All other 100 0.4 120 s

Appendix C. Evaluation Metrics
The performance of the classification models was assessed using accuracy, precision,

recall, and F1 score, which are defined as follows. Let TP, TN, FP, and FN denote the
number of true positives, true negatives, false positives, and false negatives, respectively.

Accuracy =
TP + TN

TP + TN + FP + FN
(A1)

Precision =
TP

TP + FP
(A2)

Recall =
TP

TP + FN
(A3)
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F1-score = 2 · Precision · Recall
Precision + Recall

(A4)

Appendix D. Model Features for the Optimized Models

Table A2. Optimized feature sets obtained from the MD dataset for each model.

Domain KNN SVM RF

Spectral x-ACC Median frequency
x-ACC Power bandwidth
y-ACC Max. Power Spectrum
y-ACC Power bandwidth
z-ACC Median frequency
x-GYR Power bandwidth
x-GYR Median frequency
y-GYR Median frequency
y-GYR Power bandwidth
z-GYR Median frequency
z-GYR Power bandwidth
x-MAG Power bandwidth
y-MAG Power bandwidth
z-MAG Power bandwidth

x-ACC Median frequency
y-ACC Power bandwidth
z-ACC Median frequency
x-GYR Median frequency
y-GYR Median frequency
y-GYR Power bandwidth
z-GYR Median frequency
z-GYR Power bandwidth
x-MAG Power bandwidth
y-MAG Power bandwidth
z-MAG Power bandwidth

x-ACC Median frequency
y-ACC Power bandwidth
z-ACC Median frequency
x-GYR Median frequency
y-GYR Median frequency
y-GYR Power bandwidth
z-GYR Median frequency
z-GYR Power bandwidth
x-MAG Power bandwidth
y-MAG Power bandwidth
z-MAG Power bandwidth

Statistical x-ACC Interquartile range
y-ACC Interquartile range
y-ACC Max.
z-ACC Interquartile range
z-ACC Max.
z-ACC Min.
x-GYR Max.
x-GYR Min.
y-GYR Interquartile range
y-GYR Max.
y-GYR Min.
z-GYR Min.
x-MAG Interquartile range
y-MAG Interquartile range
z-MAG Interquartile range
y-ROT Mean

x-ACC Interquartile range
y-ACC Interquartile range
y-ACC Max.
z-ACC Interquartile range
z-ACC Max.
z-ACC Min.
x-GYR Max.
x-GYR Min.
y-GYR Interquartile range
y-GYR Max.
y-GYR Min.
z-GYR Min.
x-MAG Interquartile range
z-MAG Interquartile range

x-ACC Interquartile range
y-ACC Interquartile range
y-ACC Max.
z-ACC Interquartile range
z-ACC Max.
z-ACC Min.
x-GYR Max.
x-GYR Min.
y-GYR Interquartile range
y-GYR Max.
y-GYR Min.
z-GYR Min.
x-MAG Interquartile range
z-MAG Interquartile range

Temporal — — —
Quaternion — — —
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