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Abstract

Understanding human movement in industrial environments requires more than simple
step counts—it demands contextual information to interpret activities and enhance work-
flows. Key factors such as location and process context are essential. However, research
on context-sensitive human activity recognition is limited by the lack of publicly available
datasets that include both human movement and contextual labels. Our work introduces
the DaRA dataset to address this research gap. DaRA comprises over 109 h of video footage,
including 32 h from wearable first-person cameras and 77 h from fixed third-person cam-
eras. In a laboratory environment replicating a realistic warehouse, scenarios such as order
picking, packaging, unpacking, and storage were captured. The movements of 18 subjects
were captured using inertial measurement units, Bluetooth devices for indoor localization,
wearable first-person cameras, and fixed third-person cameras. DaRA offers detailed an-
notations with 12 class categories and 207 class labels covering human movements and
contextual information such as process steps and locations. A total of 15 annotators and
8 revisers contributed over 1572 h in annotation and 361 h in revision. High label quality
is reflected in Light’s Kappa values ranging from 78.27% to 99.88%. Therefore, DaRA
provides a robust, multimodal foundation for human activity and context recognition in
industrial settings.

Keywords: dataset; logistics; wearable; inertial measurement unit; Bluetooth; video; third-
person view; first-person view; human activity recognition; human context recognition

1. Introduction

Human activity recognition (HAR) from wearable sensor data is a valuable tool in
areas such as sports performance analysis, rehabilitation support or smart homes [1].
Beyond everyday and health-related scenarios, sensor-based HAR is highly relevant in

Sensors 2026, 26, 739 https://doi.org/10.3390/s26020739
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industry. In particular, intralogistics environments present a strong use case, with workers
performing tasks such as picking, transporting, packing, unpacking, and storing goods.
Here, HAR can serve as a foundation for identifying inefficiencies in workflows, optimizing
warehouse layouts, and improving worker ergonomics [2].

The dominant approach to HAR involves mapping sensor signals to activities of inter-
est using machine learning models, such as convolutional neural networks (CNNs) [3,4].
These models rely on well-annotated training datasets. Over the past few years, several
datasets targeting manual work in intralogistics have been published, including Open-
Pack [5,6] and AndyData-lab-onePerson [7,8]. While these datasets have enabled initial
progress, their activities are usually restricted to predefined lists of discrete activity classes.
In practice, however, many industrial tasks cannot be sufficiently described by a single ac-
tivity label. Depending on the research or application goal, additional layers of information
may be required; e.g., coarse semantic definitions of activities called attributes [9] can be
used to refer to body postures and sub-activities of both hands, as in the LARa dataset [10],
or contextual information, as in the CAARL dataset [11].

The authors of [12] describe activities as entities that take place within a context but
can also exist independently of it. Based on this understanding, we distinguish between
human movements as the foundation of HAR (e.g., walking, grasping, sitting, bending)
and context, which is not strictly required for HAR but can serve as additional information
to understand the human movement—human context recognition (HCR). Context includes,
among other things, information about the location, time, process, identity, and conditions
of subjects and information about the physical environment [13,14]. Context information

can be categorized into the following:

• Sensor data, for example, positional data of subjects and objects;
• Class labels, including the location of a subject and its tools, the subject’s process

steps, or an order ID;
• Knowledge, such as order composition or an ideal process flow.

Existing datasets do not fully capture these aspects. Additionally, these datasets are
based on simplified, controlled conditions, limiting their applicability to realistic ware-
house operations. This lack of detailed, context-rich data hinders progress toward context-
sensitive HAR and HCR in industrial settings.

To address this gap, we present the DaRA (Data Fusion for advanced Research in
industrial Applications) dataset [15], a novel multimodal dataset for HAR and HCR in
intralogistics. DaRA was recorded in a laboratory environment replicating a realistic
warehouse, using multiple sensors. It features a distinctive hierarchical annotation scheme
with 12 class categories and 207 class labels, covering not only human movements but
also contextual information such as location and process stage. This level of detail and
quality makes DaRA a unique contribution to the field. An overview of the DaRA dataset
is provided in Table 1, and its positioning within the taxonomy of HAR datasets is shown
in Figure A1.

https://doi.org/10.3390/s26020739
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Table 1. Overview of the DaRA dataset (BPMN = Business Process Model and Notation, IMUs = Inertial
Measurement Units).

General

Download DaRA Dataset [15]

Recording Environment semi-controlled laboratory (Section 3.1.1)

Scenario

warehousing: order picking, packaging,
unpacking, storage (Section 3.1.2)

BPMN (Section 3.3.2)

Dataset Size 31:55:26 h of recording time (Section 3.3.3)

Data Availability/Usage Section 3.6

Sensor
(Section 3.1.3)

Action Cameras 1 camera per subject, 29.97 fps, 32 h
Fixed Cameras 6 cameras, 29.97 fps, 77 h
IMUs 6 IMUs per subject (2 sets), 100 Hz
Beacons 57 beacons, 10 Hz

Subjects
(Section 3.2)

Number 18 (4 female, 14 male)
Age 21 to 67 years (avg. 37.4 years)
Weight 62 to 103 kg (avg. 81.1 kg)
Height 160 to 187 cm (avg. 175.8 cm)

Annotation

Class Categories
(Section 3.4)

12 categories with human movements
and context

Class Labels (Section 3.4) 207 labels, 68,174 label representations

Annotation
(Section 3.5.2)

1572 h manual annotated by 15 domain
experts and trained internal annotators

Revision
(Section 3.5.3)

361 h manual revision by 8 experts and
automated plausibility checks

Label Quality
(Section 4.1)

Light’s Kappa from 78.27% to 99.88%
depending on the class category

2. Related Work

The DaRA is a rich dataset for HAR in logistic applications, composed of time-series
recordings from Inertial Measurement Units (IMUs), Bluetooth Low Energy (BLE), and
videos; it also contains detailed annotations for processes, activities, locations, and move-
ments. This dataset will be relevant for time-series-based HAR, video-based HAR, localiza-
tion using BLE and process predictions. For justifying and describing DaRA’s character-
istics, we dive into HAR methods in logistics environments, HAR and context and HAR
datasets.

2.1. HAR and Context

HAR can significantly benefit from integrating contextual information, enhancing
performance and robustness by leveraging additional data sources that provide insight
into the environment or task structure. For example, high-level process states can be
used to inform HAR models, improving their ability to distinguish between visually or
kinematically similar activities that occur in different contexts [16]. Similarly, location data
and information about objects being handled (e.g., picking cart, item, computer) contribute
valuable semantic context that refines the outcomes of activity recognition [11]. First-person
view approaches for detecting and classifying objects enable more accurate recognition of
object-related activities [17].

The authors in [9,18] highlight the importance of semantic attribute annotations for
HAR, which support transfer learning and context-aware behavior modeling. Attribute-
based activity representations, introduced from computer vision, enable zero-shot learning

https://doi.org/10.3390/s26020739
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and class generalization, with approaches using uncertainty sampling and evolutionary
algorithms achieving performance comparable to or better than traditional class-based
methods [19].

Symbolic HAR methods offer an additional way for incorporating context. They
represent human activities and their dependencies using symbolic structures, such as rules,
graphs, or ontologies. For instance, some systems model the causal structure of activities
with precondition-effect rules. This means certain actions can only happen when specific
object states or locations are present [20–22]. Contextual information can be integrated into
the observation model of these methods, which links sensor input to system states.

2.2. HAR Method in Production and Logistics

Production and logistics have human-centered processes, thereby requiring considera-
tion of HAR models that help gain insights into human movements and the ergonomics
of individuals. For example, measuring the proportion of different activities during work
has been used for optimization tasks such as reducing walking distances or minimizing
waiting times for order picking and warehouse processes [9,13,23,24]. Another example
is recognizing worker movements, such as bending or carrying heavy items repeatedly,
which is beneficial for ergonomic assessment of the worker’s day. Through HAR, such
repetitions of these activities can be identified and used to build alert systems that guide
workers toward ergonomic practices. Recognition of activities is also relevant for docu-
menting scenarios with repetitive tasks, where a register of activities is to be kept without
compromising subjects’ identities [25].

Companies such as MotionMiners (https://www.motionminers.com/, accessed on
18 January 2026) and ProGlove (https://proglove.com/, accessed on 18 January 2026) are
already deploying HAR methods in logistics environments. These systems use wearables
or handheld devices to capture worker movements and provide task-specific assistance.

2.3. HAR Datasets

The majority of publicly available HAR datasets are focused on three application
domains: healthcare/rehabilitation/nursing, exercise and athletic performance, and smart
homes and Ambient Assisted Living (AAL) [26]. These domains primarily encompass the
recognition of the following:

• Activities of Daily Living (ADL) [27] like cooking, eating and drinking, sleep behavior,
and step counting (e.g., Daily Log [28,29], ILMHAR [30,31]), SLAM HAR [32,33]);

• Locomotion (e.g., RealWorld [34,35], UMAFall [36,37], HuGaDB [38,39]);
• Gestures (e.g., HCI gestures [40,41], Hand Gesture [42,43], LaRED [44], HaGRID [45,46]);
• Dancing (e.g., 3DLife/Huawei ACM MM Grand Challenge 2011 [47,48], HDM12

Dance [49], Martial Arts, Dancing and Sports (MADS) Dataset [50,51]);
• The analysis of sports activities (e.g., BodyAttack Fitness [40,41], UMONS-TAICHI [52,53],

UCF Sports [54,55], Hang-Time [56,57]);
• Fall detection, particularly in individuals with physical impairments (e.g., UMAFall [36,37],

Teruel-Fall (tFall) [58,59], SisFall [60,61], Fall-UP [62,63]).

In contrast, other application domains of HAR, such as traffic and mobility, enter-
tainment and gaming, behavioral research and psychology, robotics and human–machine
interaction, as well as security and surveillance, are comparatively underrepresented in the
freely available datasets. The industry domain, comprising production and logistics, has
become increasingly relevant since 2017, leading to a growing number of available datasets
in this field (see Table 2).

https://doi.org/10.3390/s26020739
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Table 2 presents a brief survey of datasets for industrial settings since 2008. References
for the datasets and dataset website links are provided where available. The year of
publication, the public availability status, the dataset size, the number and types of sensors
used, and the number of subjects who participated in the recording process are noted.
Depending on how each dataset creator described it, the dataset size is presented as hours
of recordings, as the memory utilized by the dataset, or, in the case of IHADv, as the
number of images. Sensor types can be visual, such as MoCap, RGB, and RGB-D sensors,
or non-visual, such as inertial, biosensors, and tactile sensors. The number of sensors
refers to the devices placed on the human or in the environment. In MoCap, the number of
sensors refers to the number of cameras used during recording. Four categories of recording
environments were identified, namely, real-world, semi-controlled, controlled, and virtual.
Controlled environments refer to laboratory settings, while semi-controlled environments
can be a sensor setup within a real-world scene. In the unique case of InHARD-DT [71],
subjects’ movements were recorded during their interactions with the virtual reality scene.
This category provides insight into the fluidity and realness of movement performed by
the individuals. Next, the label category, number, and annotation type are addressed.
Label category is based on whether the labels focus on posture, human–object interactions,
human–robot interactions, ADLs, or sports. In the label number and type column, the
availability of coarse labels is noted where available. For instance, one can provide broad
activity labels, such as walking, running, and holding a box, or finer labels, such as using
the left hand, the right hand, or a small item in hand. The final column, Annotation, refers to
who or how the activities were labeled in the dataset. It could be domain expert annotation,
manual annotation with required subjects, auto-labeling by the subject performing the
activity, or no annotation effort, as the activities are conducted in a protocol-defined manner.

The table shows that there has been an increase in human–object and human–robot
interactions, whereas the initial datasets focus on human posture in industrial contexts [13].
Each dataset is unique in its sensor selection, number of subjects, recorded human move-
ment information, and activity class labels. Only four datasets have more than 40 subjects.
Similarly, only four datasets are based on real-world environments. The most interesting
part of the table is the Labels categories. It can be noted that most datasets focus solely on
activity classes. Very few works have focused on presenting coarse actions or semantic
information. Even fewer have included contextual information.

Though these datasets broadly cover industrial movements, they do not include all
possible movements within the industrial context. For instance, the movements included
in packaging differ from those in order picking, and the movements in car assembly differ
from those in Activities of Daily Living. From Table 2, we see that a few datasets, such as
IKEA ASM [93] and Skoda Mini Checkpoint [101], focus on assembly movements, while
few others, such as Physical Human–Robot Contact Detection [81] and COVERED [77],
focus on human–robot collaboration scenarios that are of interest in the future of industrial
settings. Datasets such as OpenPack [5], LARa [10], and CAARL [79] specifically focus on
logistics scenarios such as packaging and order picking. The movements included in these
datasets are closest to those presented in DaRA. While LARa and CAARL were recorded
with a focus on MoCap and IMU sensors, OpenPack includes IMU, blood volume pulse,
electrodermal activity, LiDAR, and depth image sensors. Further, OpenPack focuses solely
on the packaging scenario and doesn’t include order picking, whereas LARa and CAARL
include both, with order picking given priority. While OpenPack, LARa, and CAARL have
coarse labels, the label types differ across them. LARa and CAARL have an action-class
and attribute-label structure. This means that the action class standing has an attribute
representation that denotes whether the standing action is still or with small-step motions,
whether the item is in the left, right, or both hands, and the size of the item. However, in

https://doi.org/10.3390/s26020739
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OpenPack, the annotation is used on the operation performed and its sub-action classes.
Thus, the close box operation has the subclasses bend flap and attach tape. However, the
subactions do not span the entire operation. Actions that are in between these subclasses
are not always labeled.

2.4. Research Gaps

Although the number of available datasets has been steadily increasing, there remains
a significant shortage of datasets that reflect realistic recording and working conditions, con-
tain rich metadata, provide comprehensive contextual sensor data, and include annotated
contextual class labels. Without contextual information, the interpretation of recognized
activities, the description of workflows, the identification of errors, and the derivation of
optimization measures are severely limited or even impossible, which undermines the
primary objective of HAR and HCR in the industrial domain.

Inconsistencies in labeling, inadequate dataset documentation, and restricted data ac-
cessibility further undermine comparability, generalization, and reproducibility, ultimately
limiting practical applicability. The movements or activity annotation labels in industrial
datasets available are specific to the task focused upon; for example, in Assembly 101 [76]
(see Table 2), the coarse labels were attach track or attach cabin, while the fine labels were
picked up the chassis or screw track with a hand. These labels are difficult to transfer to dif-
ferent scenarios, even when the action performed is similar. Consequently, more datasets
addressing human motion in various industrial settings are of interest. In [80,97,102], the
movements were made for the respective annotation labels. Therefore, motion continu-
ity could be missing unless the dataset is focused on recording continuous activities in
the scenario. Although repeating the same activity is intended to simplify the annota-
tion process and ensure balanced activity class recordings, this practice is detrimental to
motion variability.

Consequently, DaRA has continuous movements, where the subjects performing the
activities are oblivious to the annotation labels, and, thereby, annotators of the DaRA
dataset had the excruciating task of identifying transitions from one activity to another
while labeling. This dataset further facilitates the study of learning jitter in annotation
labels and how to address transitions in a movement. With the detailed annotation label
and contextual data available, it is possible to extend the annotation label into detailed
textual data, which can later be used to annotate movements with similar characteristics.

3. DaRA Dataset

This industrial dataset, focused on logistics activities of order picking and packaging
in a semi-controlled laboratory environment, was created following the checklist in [103].
The dataset description follows the approach proposed by [104]. To ensure compliance
with the FAIR principles [105], the data was made easily findable and accessible on Zenodo,
interoperable, and reusable with the availability of metadata in this paper and in the
documentation on Zenodo.

This section presents the results of the dataset creation process and the specifications
of the dataset DaRA [15]; see Figure 1. First, the experimental setup is described, including
the laboratory environment, scenarios, and sensors used. Next, the selection of subjects is
explained, followed by a detailed description of the data collection process. Subsequently,
the 12 different class categories are introduced and assigned to their respective class labels.
This is followed by an explanation of the annotation and revision process.

https://doi.org/10.3390/s26020739
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Figure 1. Logo of the DaRA dataset. At the core of the dataset and the logo is the human at work,
manipulating and transporting objects in warehouses.

The dataset quality is evaluated based on annotation consistency, device data loss rate,
and a use case, i.e., solving HAR for DaRA’s main and sub-activities. Finally, we provide
guidance on how to use the dataset effectively. We provide a Python script (version 1) [106]
that allows users to customize the annotation results to extract precise information required
for their specific use case.

3.1. Experimental Setup

The following sections describe the laboratory where the recordings took place, the
eight logistics scenarios, and the three types of sensors used.

3.1.1. Introduction to the Laboratory Picking Lab

The experimental setup was established in the Picking Lab at the Fraunhofer Institute for
Material Flow and Logistics IML (https://www.iml.fraunhofer.de/en/fields_of_activity/
material-flow-systems/intralogistics_and_it_planning/services/Picking_Lab.html, accessed
on 18 January 2026). The Picking Lab is a research infrastructure designed for application-
oriented logistics research [107]. It focuses on key questions such as process optimization, lo-
gistical information technology (IT), human–technology interaction, and ergonomics [108].
The lab replicates a small-scale order picking warehouse (see Figure 2) and is specifically
designed to evaluate technologies and processes in the context of conventional order
picking systems based on the person-to-goods principle. This environment allows the
investigation of both technological and procedural aspects of order fulfilment. It can be
considered semi-controlled because it presents a realistic warehouse that replicates essen-
tial technical and logistical characteristics of an authentic warehouse within a controlled
laboratory environment.

The standardized environment consists of eight rack complexes across five aisles, com-
plemented by an open area in front of the rack storage system (see Figure 3). This configura-
tion enables the implementation of realistic scenarios for typical intralogistics applications,
including e-commerce, small-parts picking, and handling bulky or hanging goods.

A wide range of items is available for handling:

• Small items (from 0.4 g), such as screws, locknuts, washers, or bits;
• Medium items (approximately 50 to 800 g), such as softshell jackets, ties, gloves,

hoodies, bags, shirts, or notebooks;
• Large items (up to 5149 g), such as palm soil, axes, and hacksaws.

The item master data, including dimensions, weight, designation, storage location, item
photographs, and customer orders, are documented and accessible on Zenodo (see Docu-
mentation.pdf file).

The items are stored in compartments, such as small load carriers, open-fronted
storage bins, without bins, cartons, hanging rails with clothes hangers, or flow channels,
according to their characteristics. Electronic rack labels are used for identification. The
Picking Lab is equipped with a cloud-based warehouse management system (WMS) that
interfaces with the IT systems of the picking technologies.

https://doi.org/10.3390/s26020739
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Figure 2. Picking Lab at the Fraunhofer Institute for Material Flow and Logistics (IML) in Dortmund,
Germany. The photo shows eight numbered industrial rack complexes. The rack complex 1 stores
small items in open-fronted storage bins. Complexes 2 and 3 hold hanging goods and loose items
without bins. Complex 4 features flow channels for unboxed items and those in cardboard boxes.
Complex 5 contains medium-sized flat goods, while complex 6 mainly stores medium-sized to bulky
flat goods in green and blue open-fronted storage bins. Bulky and heavy items are located primarily
in complexes 7 and 8.

Hall Gate

17.35
3.29

1.92

12.76

0.5
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4.09 1.912.712.74 2.11
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1

2 Rack Complexes
No. 1 and 2

Figure 3. Floor plan of the Picking Lab, showing the eight rack complexes and the open area in front
of the racks used for workflow simulation. All measurements are given in meters.

3.1.2. Logistics Scenarios

Laboratory Layout and Scenario Integration

The open area of the Picking Lab was divided into distinct work zones. Including the
Aisle Path within the rack storage system, the lab comprises nine main areas (see Figure 4).
Additionally, the Aisle Path, Cross Aisle Path, and Path were subdivided into further zones
to cover detailed process steps.
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Figure 4. Floor plan of the Picking Lab. The entire setup is color-coded into nine main areas. The
colors correspond to the annotation tool SARA annotation tool’s coding scheme [88,109]. The dashed
black lines represent physical boundaries formed by barrier stands with belt straps, while the solid
white lines indicate conceptual boundaries marked by tape on the floor.

Realistic Material Flow Integration

In contrast to the isolated processes typically represented in state-of-the-art datasets,
this study implemented a holistic, realistic warehouse-specific material flow. During each
recording session, three subjects simultaneously traversed the entire material flow, as
illustrated in Figure 4. Supervisors acted as warehouse managers, located primarily in the
Office, where they assigned orders and managed information technology, accepted returns
upon order completion, and assisted subjects when needed. The experimental setup is
depicted in Figure 5.

Figure 5. Panorama view of the warehouse setup. The photo was taken in the Packing/Sorting Area
(light blue area in Figure 4) behind the packing table, with a view towards the Office (pink area in
Figure 4). Within the office, the study supervisor is seated at a desk, from which subjects receive their
assignments. Behind the supervisor, to the right from the photo’s perspective, is the Issuing/Receiving
Area by the black hall gate. The boxes in front of it indicate the Cardboard Box Area. The Cart Area
is situated further ahead, where three picking carts are located. These areas are connected by a T

shaped path. On the left side of the photograph, the Base, Cross Aisle Paths, and the Picking Lab with
its eight rack complexes and five Aisle Paths are visible.
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Overview of Scenarios

A total of eight scenarios were implemented. They differ in terms of the high-level
process (retrieval vs. storage), the IT used, customer orders, picking strategies, and inten-
tional errors in the picking lists. Scenarios 1–3 and 7 focused on retrieval, while scenarios
4–6 and 8 focused on storage. As in a real warehouse, the process steps in the scenarios
were predefined, but the movements required to perform them were not prescribed to the
subjects, allowing for realistic motion.

Retrieval (Scenarios 1–3)

Retrieval scenarios started with order preparation. Subjects received their picking
orders and assigned information technologies in the Office area. They proceeded via the
Path to the Cart Area to select a picking cart, then collected empty cardboard boxes in the
Cardboard Box Area.

Picking began with transporting the cart to the Base, where it remained during the
picking process. Items were put into cardboard boxes on the cart, reflecting a Pick & Pack
approach where items are picked directly into shipping-ready boxes.

The picking strategy followed a single-order picking principle: each picking task corre-
sponded exactly to one customer order. This straightforward, order-oriented approach did
not require further sorting or consolidation. Information relevant to order fulfillment, such
as item identifiers, required quantities, and storage locations, was provided to the picker
through different forms of guidance and confirmation media. In this paper, these means of
information provision are collectively referred to as information technologies (Figure 6):

1. Scenario 1: Paper list with pen.
2. Scenario 2: Portable Data Terminal (PDT).
3. Scenario 3: Paper list with glove scanner.

(a) (b)

(c) (d)

Figure 6. Information technology for guiding the picker: (a) picking list with pen, (b) portable data
terminal, (c) picking list with glove scanner, (d) Pick-by-Light signal.

https://doi.org/10.3390/s26020739
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Subjects moved between their carts in the Base and the respective item positions within
the Aisle Path, following a return-aisle strategy, where aisles were entered and exited at the
same end repeatedly. For scenarios 1–3, subjects were instructed to enter each aisle sepa-
rately for each position of the order, without processing multiple positions simultaneously.

In scenarios 2 and 3, a pick-by-light system guided subjects, using optical signals on
rack complexes and storage compartments to the correct items. While the light indicated
the picking location, the number of items to be picked was displayed on either the list or
the PDT.

Once all items for an order were picked and placed into the boxes on the cart, the
cart was transported to the Packaging Area, where packaging materials (e.g., bubble wrap,
shipping labels, delivery notes, box cutters, and tape) were provided. After packaging,
orders were finalized by transporting the boxes to the Issuing/Receiving Area, where they
were placed on pallets. Finally, subjects returned their IT (picking list, pen, portable data
terminal, glove scanner) at the Office.

Each subject repeated this retrieval process three times, handling different customer
orders (order IDs: 2904, 2905, 2906) and employing different information technologies in
each iteration.

Intentional Errors in Picking Lists

To reflect realistic warehouse processes, the scenarios intentionally included disruptive
elements. Planned errors included incorrect storage locations on picking lists (scenario 1),
quantity discrepancies (scenario 3), inappropriate box sizes, waiting times due to limited
packaging stations, and missing materials, such as plastic bags, which had to be retrieved
from the Office. Additionally, unplanned errors occurred, such as device handling mistakes
or quantity and type errors during picking or storage.

Storage (Scenarios 4–6)

Following the retrieval runs, storage processes were conducted in scenarios 4–6. These
began with order acceptance in the Office and goods receipt in the Issuing/Receiving Area. At
this stage, previously completed retrieval orders (processed three times each) were placed
on pallets.

Each subject processed one storage order three times. After transportation to the
Packaging/Sorting Area, boxes were unpacked, and items were sorted for storage. Storage
involved placing items into the rack storage system, guided exclusively by paper lists
with pens.

Upon completing storage, subjects finalized their orders by returning empty boxes to
the Cardboard Box Area, their lists and pens to the Office, and the carts to the Cart Area.

Multi-Order Picking (Scenarios 7–8)

Scenarios 7 (retrieval) and 8 (storage) followed the same structure as the previous
scenarios but introduced multi-order picking. Two customer orders (2904 and 2905) were
processed in parallel within a single picking batch. Items were directly assigned to the
corresponding customer’s cardboard box, leveraging higher picking density to reduce
average travel time per order.

Subjects were free to determine their route strategies and were allowed to process
multiple order lines with different items simultaneously. Additionally, these scenarios were
conducted without any disruptions or errors in the picking lists—representing a “perfect
run”. In scenarios 7 and 8, only one subject worked in the laboratory to circumvent waiting
times. All eight scenarios are summarized in Table 3.

https://doi.org/10.3390/s26020739
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Table 3. Specification of the eight recorded scenarios. An ‘X’ denotes that the criterion is fulfilled.

Scenario
1 2 3 4 5 6 7 8

High-Level
Processes

Retrieval (picking and packing) X X X X
Storage (unpacking and storing) X X X X

Picking
Strategies

Single-order picking (serial) X X X X X X
Multi-order picking (parallel) X X

Information
Technologies

Picking list and pen X X X X X X
Portable data terminal X
Picking list and glove scanner X

Customer
Order

2904 X X X X
2905 X X X X
2906 X X

Errors in
Picking List

With intentional errors X X
Without intentional errors X X X X X X

3.1.3. Sensor Configuration

The logistics scenarios were recorded using action cameras, fixed cameras, wearable
devices with IMUs and BLE Received Signal Strength Indicator (RSSI) sensors, and Beacons
(see Figure 7). Additionally, a cloud-based warehouse management system from Logistics
Reply (https://www.reply.com/, accessed on 18 January 2026) logged the picking activities
using a PDT.

(a) (b)

(c) (d)

Figure 7. Sensors used to capture movements of the subjects and picking carts: (a) GoPro 12 action
camera with ultra-wide-angle digital lens and head strap, (b) Mevo camera from Logitech without
tripod, (c) one wearable set from MotionMiners with IMU and BLE sensors in each of the three
devices, (d) first two beacons from MotionMiners.
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Action Cameras

Each subject was equipped with a GoPro Hero 12 action camera (https://gopro.com/,
accessed on 18 January 2026) for first-person view (FPV). The camera was attached to the
forehead and pointed slightly downwards to capture not only the subjects’ field of vision
but also the movements of their arms and legs. Due to individual adjustments, the viewing
angles varied slightly.

The ultra-wide-angle digital lens with a field of view of up to 177° allowed the largest
possible recording field to be covered (see Figure 8a–c). The FPV videos were used for
documentation, annotation, and revision.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 8. The images show the synchronized perspectives of all nine cameras at frame 31,171 in
recording session 5. (a–c) display the first-person views of the subjects captured by action cameras:
(a) Subject S13 is located in the Packaging/Sorting Area, (b) Subject S14 is on the Path in front of the
Cardboard Box Area, and (c) Subject S15 is located in the front of Aisle Path 4. (d–i) show the six fixed
cameras, numbered according to the dataset. (d) Fixed Camera 1: Main camera for annotation placed
in Cardboard Box Area, directed towards the aisles and Fixed Camera 2. (e) Fixed Camera 2: Positioned
in Aisle 3, facing Fixed Camera 1. (f) Fixed Camera 3: Located in the Office. (g) Fixed Camera 4:
Placed in the goods Issuing/Receiving Area. (h) Fixed Camera 5: Facing the goods Issuing/Receiving
Area and the hall gate. (i) Fixed Camera 6: Oriented towards the Packaging/Sorting Area and Aisle 1.
The position of the fixed cameras is also shown in Figure 9 of the floor plan.

Mounting the camera on the forehead proved to be the optimal solution for comprehen-
sive field-of-view coverage and an annotation-friendly perspective, especially compared
to mounting it on the shoulder or chest. Nevertheless, some limitations in use occurred
during the recordings. Some subjects found the mounting pressure uncomfortable, and the
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camera was unstable on those with straight hair. This occasionally required the subjects to
readjust the camera during recording. Subject S01, in particular, frequently corrected the
camera position at the beginning as the camera had slipped.
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Figure 9. Floor plan of the Picking Lab: positions of the six fixed cameras (green) and the 57 beacons
(blue). Beacons 1–42, 44–54 and 58 are stationary, while beacons 55–57 are dynamic and attached to
the picking carts. (Beacon 43 was defective, so it was not used).

The recording was made at 29.97 fps and was interrupted only during a battery
change during the session. The battery change resulted in black sequences in the action
camera videos.

Fixed Cameras

In addition to the action cameras, six permanently installed Mevo cameras from Log-
itech (https://mevo.com/, accessed on 18 January 2026) were utilized to capture the entire
test field. These cameras enabled a third-person view (TPV) of the subjects (see Figure 8d–i).
The TPV videos were also used for annotation and revision. In particular, fixed camera 1
(see Figure 8d) provided a comprehensive overview and served as the primary stream for
annotation, alongside the FPV videos from the action camera. The recordings were also
made at 29.97 fps and ran uninterrupted throughout the entire session, ensuring complete
documentation.

Wearable Devices with IMUs and BLE RSSI sensors

The subjects’ movements were recorded using wearable sensor sets comprising three
MotionMiners devices. Every device is equipped with a three-axial IMU and a BLE sensor.
The three devices were attached to both wrists and to the front of the torso with a belt.
Pictograms on the devices ensured correct placement to minimize attachment errors (see
Figure 7c).

Each subject wore two of these sets to mitigate sensor failure and enable analysis
of data quality. Throughout the entire recording session, the wearable devices remained
securely attached to the subjects and were not adjusted by the study supervisors. The IMUs
comprise linear acceleration and angular momentum sensors operating at a sampling rate
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of 100 Hz. The Bluetooth sensor measured the RSSI for all received beacon-emitter signals
at a sampling rate of 10 Hz.

All sensor data are stored on the sensors during recording and are transferred upon
recording completion. This approach eliminated potential disruptions from wireless data
transmission and ensured a robust, interference-free data collection process without requir-
ing intervention.

Beacon Emitters

To track the subjects’ positions, 54 Bluetooth beacons were placed evenly across the
Picking Lab (see Figure 9). The beacons were placed at heights ranging from 0.7 to 1.3 m
on various structures, including racks, walls, a table, and barrier stands. Additionally, a
beacon was placed on each picking cart at a height of 0.9 m to enable its position to be
tracked when a subject was using it.

A notable challenge in position tracking arises from the varying environmental condi-
tions. In the Aisles between the racks, Bluetooth signals are physically shielded by the metal
racks and stored items. This results in stronger signal attenuation, which simplifies local
positioning because signals can be clearly assigned to specific areas. In contrast, Bluetooth
signals propagate more evenly in open areas such as the Office, the Base, and the Packaging/-
Sorting Area. This uniform signal distribution complicates region-based tracking, making it
harder to distinguish between areas and increasing the likelihood of misassignments. The
tracking was achieved by a proprietary machine learning algorithm. An initial calibration
for each region helps account for differences in propagation.

3.2. Subjects

A total of 18 subjects participated in the data collection (see Figure 10). The selection
process aimed to ensure a realistic representation of the working population in the German
warehouse sector. Therefore, individuals aged up to 67 years were considered, as the
statutory retirement age in Germany for those born after 1964 is 67 years. Ultimately, the
sample included subjects aged 21 to 67 years, with a broad age distribution spanning
individuals in their 20 s, 30 s, 40 s, 50 s, and 60 s.

According to a study by the Bundesvereinigung Logistik e.V. (BVL) from 2019, the
proportion of women in the logistics, transport, and traffic sector is approximately 23%. The
highest proportions of women are found in logistics-related service providers (23%) and
warehousing (30%). Based on this percentage, a sample of 18 subjects would be expected to
include approximately 4.14 to 5.4 women. Accordingly, five women were recruited for the
study. However, in the end, only four women (22.22%) and 14 men (77.78%) participated in
the study.

To ensure a diverse sample in terms of movement patterns, behaviors, and technolog-
ical competence, additional demographic and physical attributes were considered. The
subjects’ heights ranged from 160 cm to 187 cm, while their weights varied between 62 kg
and 103 kg (see Table 4). Moreover, multiple native languages were represented, includ-
ing Bengali, German, English, Greek, and Turkish. The inclusion of linguistic diversity
was intentional, as warehouse environments frequently employ workers with diverse
language backgrounds.

https://doi.org/10.3390/s26020739
18



Sensors 2026, 26, 739

S01 S02 S03 S04 S05 S06 S07 S08 S09

S10 S11 S12 S13 S14 S15 S16 S17 S18

Figure 10. The 18 subjects of the dataset. In each recording session, three subjects took part simulta-
neously. To easily distinguish the subjects within a session, they wore upperwear or vests of different
colors. For instance, in session 5, subjects S13, S14, and S15 wore a pink, a blue, and a red top,
respectively (video footage from session 5, see Figure 8).

Table 4. Subject specifications. All data were collected via a digital survey (subject questionnaire)
completed independently by subjects.

ID
Sex Age Weight Height Handedness Employment Experience [from 1 = Extensive to 6 = None]

[F/M] [years] [kg] [cm] [L/R] Status Order Picking Packaging Similar Studies

S01 F 32 68 171 R Student 2 3 6
S02 M 27 76 167 R Student 3 6 6
S03 M 64 69 171 R Employee 6 5 5
S04 M 31 85 183 L Employee 5 4 6
S05 M 67 100 177 R Retiree 6 3 6
S06 M 24 82 178 R Student 4 6 6
S07 M 41 70 180 R Employee 6 5 6
S08 F 29 62 163 R Student 6 6 6
S09 M 21 85 180 R Student 6 6 6
S10 M 28 85 160 R Student 3 3 6
S11 M 59 85 178 R Employee 3 2 6
S12 M 43 103 186 R Job seeker 6 6 4
S13 F 52 66 175 R Employee 5 4 6
S14 M 32 80 176 R Employee 6 5 5
S15 M 43 88 177 R Employee 6 5 6
S16 M 29 100 175 R Student 6 3 6
S17 F 25 75 180 R Employee 6 5 6
S18 M 26 80 187 R Student 6 6 6

Min. 21 62 160
Avg. 37.4 81.1 175.8
Max. 67 103 187
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The sample included one left-handed subject. Considering that the average propor-
tion of left-handed individuals in the general population is 10.6% [110], a slightly higher
representation would have been desirable, indicating a minor sampling bias.

Subjects were not explicitly selected based on prior warehouse experience. However,
seven subjects had prior experience in order picking, while 12 subjects had experience in
packaging, gained through apprenticeships, internships, or part-time jobs. One of these
subjects (S01) had full-time work experience as an industrial clerk. Additionally, three
subjects had previously participated in a similar study (LARa dataset [10]). All 18 subjects
had a University Entrance Qualification and either held a university degree or were in the
process of obtaining one at the time of the study. The potential influence of educational
background on movement patterns and behaviors was not explicitly analyzed in this study,
as its impact was assumed to be negligible.

3.3. Data Recording

The data recording process is divided into three distinct phases. First, preliminary
trial runs are conducted. Second, the recording process is conducted in accordance with
the scenarios defined in Section 3.1.2. Third, the results of the recording are analyzed in
terms of their scope and subject-specific conspicuities.

3.3.1. Preliminaries

Several days prior to data recording, subjects completed an online questionnaire and
received detailed study information, along with the informed consent form. The Subject
Information and Consent Form is part of the dataset available on Zenodo. On the day of
data recording, the subjects had the opportunity to clarify any open questions with the
study coordinator.

Before the actual recording, all three subjects in a session completed a trial run. During
this phase, they were introduced to three information technologies (picking list, glove
scanner, and PDT) and the complete order picking process. For training purposes, they
processed three picking orders, each consisting of three order lines (different items). This
trial run was solely intended for familiarization with the processes and technologies and
was not recorded. Afterward, subjects were equipped with IMUs and an action camera,
marking the start of data recording.

3.3.2. Recording Process

To guarantee a natural movement flow and authentic behavior of the subjects, the
study supervisors were available to answer questions after the trial run, but provided
minimal instructions.

At the commencement of each session, subjects performed up to three synchronization
movements in the Office. These included the convergence of the extended arms above the
head, the convergence of the extended arms in front of the chest, and the execution of a
jump. These movements were subsequently utilized for synchronizing video data with the
wearable sensor data.

Retrieval: Following the synchronization, the retrieval process was initiated. Each
subject was tasked with working through scenarios 1–3 (see Figure 11 and Section 3.1.2).
The paper-based picking lists were available in sufficient quantities, ensuring no delays
when retrieving a new order. Conversely, only one PDT and one glove scanner were
available, which occasionally led to waiting times in the office as subjects had to wait until
others had completed their picking and returned the hardware. Due to the shared use of the
PDT and the glove scanner, scenarios 2 and 3 were never conducted in parallel, resulting in
variations in the sequence of the first three scenarios across subjects. The sequence of all
scenarios is available in the documentation file on Zenodo.
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Figure 11. Idealized Business Process Model and Notation (BPMN) of the high-level processes
Retrieval (upper path) and Storage (lower path) with its mid-level processes.

Storage: Following the completion of the initial three retrieval scenarios, each of
the three different customer orders (ID 2904, 2905, 2906) was available three times in
the Issuing/Receiving Area. Each subject was then assigned a customer order, which they
unpacked and stored three times (see Figure 11).

In four of the six sessions, one subject (S01, S04, S09, and S14) simultaneously retrieved
two orders (scenario 7) and subsequently stored them again (scenario 8).

After each session, subjects performed up to three synchronization movements again.
The workflows of the high-level processes Retrieval and Storage, as described and

illustrated in Figure 11, represent an idealized model. During data collection, occasional
deviations occurred. A more detailed visualization of the mid-level processes from Figure 11
is provided in Appendix A.

3.3.3. Recording Results

The data collection took place over three days, with six sessions (two per day). In each
session, three subjects participated simultaneously in the Picking Lab (see Table 5). In total,
data from 18 subjects were recorded over 31:55:26 h (hh:mm:ss). The individual recording
durations varied between 01:20:41 and 02:35:11 h, depending on factors such as processing
speed, technological competence, performed scenarios, unintended errors, waiting time,
habituation effect, and fatigue.

Processing Speed: The durations indicate a moderate age-related increase in the time
required. Subjects in the older age group (≥50 years) required up to approximately 35%
more time than the youngest subjects (≤30 years). Although without prior experience,
Subject S14 (32 years) demonstrated a significantly higher processing speed compared to
the average. Across all scenarios, S14 completed tasks faster than the group mean: 36%
faster in scenario 1, 23% faster in scenario 2, and 17% faster in scenario 3. In scenarios 1 and
2, S14 not only achieved the fastest completion times but also executed the tasks without
picking errors. The two slowest subjects, S15 and S12, were 43 years old at the time of
data recording. Weight shows a slight positive relationship with processing time, whereas
height and gender appear to have no relevant influence.

Technological competence: Subject S14 demonstrated strong performance in operat-
ing the PDT in scenario 2. Despite having no prior experience with the device, S14 adapted
quickly and performed significantly better than most subjects. In contrast, subject S11
encountered considerable difficulties in using the PDT, requiring 00:34:10 h to complete
scenario 2, 63% slower than the average. Due to time constraints, S11 was unable to proceed
with scenario 3.
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Table 5. Subject assignment. Scope of participation in the Scenarios, Other and Total.

ID
Recording Scope of the Scenarios 1–8 [hh:mm:ss]

Session Retrieval (Scenario 1–3) Storage (Scenario 4–6) Perfect Run
Other Total

1 2 3 4 5 6 7 8

S01 1 00:18:15 00:19:20 00:18:39 - - 00:15:51 00:23:42 00:14:34 00:10:59 02:01:19
S02 1 00:19:43 00:16:36 00:22:16 - 00:23:56 - - - 00:15:43 01:38:14
S03 1 00:24:41 00:25:07 00:09:34 00:27:04 - - - - 00:03:11 01:29:37
S04 2 00:16:22 00:16:09 00:17:57 - 00:32:17 - 00:26:00 00:14:28 00:13:17 02:16:30
S05 2 00:25:47 00:20:05 00:19:11 - - 00:26:36 - - 00:08:42 01:40:22
S06 2 00:22:08 00:16:45 00:17:27 00:25:27 - - - - 00:02:29 01:24:16
S07 3 00:20:13 00:23:38 00:16:16 - 00:26:40 - - - 00:15:16 01:42:02
S08 3 00:19:47 00:20:10 00:15:49 - - 00:21:29 - - 00:03:57 01:21:11
S09 3 00:18:18 00:16:33 00:18:05 00:27:40 - - 00:23:47 00:15:57 00:05:03 02:05:24
S10 4 00:25:18 00:24:02 00:21:07 - - 00:26:50 - - 00:13:37 01:50:54
S11 4 00:17:13 00:34:10 - 00:33:30 - - - - 00:08:20 01:33:13
S12 4 00:24:24 00:26:29 00:28:18 - 00:31:17 - - - 00:10:33 02:01:00
S13 5 00:22:28 00:19:11 00:20:07 - - 00:24:08 - - 00:02:59 01:28:53
S14 5 00:13:27 00:16:07 00:15:44 00:28:18 - - 00:26:57 00:19:23 00:35:15 02:35:11
S15 5 00:27:55 00:24:44 00:25:14 - 00:29:57 - - - 00:07:26 01:55:17
S16 6 00:23:11 00:17:25 00:20:22 - - 00:20:17 - - 00:16:24 01:37:38
S17 6 00:18:42 00:19:59 00:15:45 00:24:08 - - - - 00:02:08 01:20:41
S18 6 00:20:02 00:20:53 00:20:56 - 00:37:01 - - - 00:14:51 01:53:43

Min. 00:13:27 00:16:07 00:09:34 00:24:08 00:23:56 00:15:51 00:23:42 00:14:28 00:02:08 01:20:41
Avg. 00:21:00 00:20:58 00:18:59 00:27:41 00:30:11 00:22:32 00:25:06 00:16:05 00:10:34 01:46:25
Max. 00:27:55 00:34:10 00:28:18 00:33:30 00:37:01 00:26:50 00:26:57 00:19:23 00:35:15 02:35:11
Sum 06:17:54 06:17:22 05:22:46 02:46:07 03:01:08 02:15:11 01:40:26 01:04:21 03:10:10 31:55:26

Performed scenarios: It was planned that each subject would go through retrieval
scenarios 1 to 3, as well as a storage task from scenario 4, 5, or 6. Four of the eighteen
subjects additionally completed the storage and retrieval scenarios 7 and 8, resulting in
longer overall recording durations for these subjects.

Unintended errors: Certain subjects made unintended errors that affected their pro-
cessing times. For instance, S03 and S11 overlooked the second and/or third pages of
the picking list, resulting in incomplete picking and packing. This resulted in shortened
processing times for S03 in scenario 3 (00:09:34 h) and S11 in scenario 1 (00:17:13 h).

Waiting time: The category Other (see Table 5) accounts for waiting times between
scenarios, as well as preparatory and follow-up activities at the beginning and end of each
recording session. During the packing process, subjects were instructed to wait whenever
another subject was still active in the packing area. They also had to wait if the required IT
was being used by someone else. This resulted in intentionally induced waiting times of
up to several minutes (e.g., subject S14 with 00:35:15 h).

Habituation effect: After the initial execution of the scenarios, a habituation effect
was observed. Subjects’ workflows appeared smoother, and the time required for similar,
recurring tasks decreased in both storage and retrieval processes. In scenario 8, subjects
required approximately 60% less time for storage compared to their previous scenarios 4–6.
Although the execution time for retrieval increased by about 24% (from scenarios 1–2 to
scenario 7), the number of positions to be picked and packed simultaneously doubled,
indicating an adaptation to increased task complexity.

Fatigue: During data recording, some subjects exhibited signs of fatigue, which were
reflected in their scenario completion times. While subject S14 recorded the fastest times
in scenarios 1–3, a noticeable decline in performance was observed in scenarios 7 and 8.
Compared to the other subjects, S14 was the slowest in both cases, requiring 22% more
time than the next slowest subject in scenario 8. These findings suggest that fatigue may

https://doi.org/10.3390/s26020739
22



Sensors 2026, 26, 739

have resulted from extended recording sessions due to waiting times and the high work
pace maintained during the initial scenarios.

3.4. Class Categories and Class Labels

Prior to annotation, 12 class categories (CC01–CC12) were defined to describe the
execution of the scenarios. These categories are divided into human movements and
contextual information. An overview of the class categories and class labels is provided in
Table 6. Detailed label descriptions and examples are available in the documentation file
on Zenodo.

The first five categories capture human movements, ranging from the Main Activity
(CC01) to four Sub-Activities (Legs, Torso, Left Hand, and Right Hand). Sub-Activities can
be regarded as semantic descriptions of a Main Activity but also exist independently. In
the literature, such semantic descriptions are commonly referred to as attributes, detailed
postures, current actions, or atomic actions [111].

Table 6. Class categories and class labels (M = Human Movement, C = Context, an ‘X’ denotes that
the criterion is fulfilled).

Class Categories [CC] M C Class Labels [CL]
Icon ID Name Nr. List

CC01 Main Activity X 15

CL001|Synchronization; CL002|Confirming with Pen; CL003|Confirming with Screen;
CL004|Confirming with Button; CL005|Scanning; CL006|Pulling Cart; CL007|Pushing Cart;
CL008|Handling Upwards; CL009|Handling Centered; CL010|Handling Downwards; CL011|Walking;
CL012|Standing; CL013|Sitting; CL014|Another Main Activity; CL015|Main Activity Unknown

CC02 Sub-Activity–
Legs X 8 CL016|Gait Cycle; CL017|Step; CL018|Standing Still; CL019|Sitting; CL020|Squat; CL021|Lunges;

CL022|Another Leg Activity; CL023|Leg Activity Unknown

CC03 Sub-Activity–
Torso X 6 CL024|No Bending; CL025|Slightly Bending; CL026|Strongly Bending; CL027|Torso Rotation;

CL028|Another Torso Activity; CL029|Torso Activity Unknown

CC04 Sub-Activity–Left
Hand X 35

Primary Position: CL030|Upwards; CL031|Centered; CL032|Downwards; CL033|Position Unknown
Type of Movement: CL034|Reaching, Grasping, Moving, Positioning and Releasing;
CL035|Manipulating; CL036|Holding; CL037|No Movement; CL038|Another Movement;
CL039|Movement Unknown
Object: CL040|No Object; CL041|Large Item; CL042|Medium Item; CL043|Small Item; CL044|Tool;
CL045|Cart; CL046|Load Carrier; CL047|Cardboard Box; CL048|On Body; CL049|Another Logistic
Object; CL050|No Logistic Object; CL051|Object Unknown
Tool: CL052|Portable Data Terminal; CL053|Glove Scanner; CL054|Plastic Bag; CL055|Picking List;
CL056|Pen; CL057|Button; CL058|Computer; CL059|Bubble Wrap; CL060|Tape Dispenser;
CL061|Knife; CL062|Shipping/Return Label; CL063|Elastic Band; CL064|Another Tool

CC05 Sub-Activity–
Right Hand X 35

Primary Position: CL065|Upwards; CL066|Centered; CL067|Downwards; CL068|Position Unknown
Type of Movement: CL069|Reaching, Grasping, Moving, Positioning and Releasing;
CL070|Manipulating; CL071|Holding; CL072|No Movement; CL073|Another Movement;
CL074|Movement Unknown
Object: CL075|No Object; CL076|Large Item; CL077|Medium Item; CL078|Small Item; CL079|Tool;
CL080|Cart; CL081|Load Carrier; CL082|Cardboard Box; CL083|On Body; CL084|Another Logistic
Object; CL085|No Logistic Object; CL086|Object Unknown
Tool: CL087|Portable Data Terminal; CL088|Glove Scanner; CL089|Plastic Bag; CL090|Picking List;
CL091|Pen; CL092|Button; CL093|Computer; CL094|Bubble Wrap; CL095|Tape Dispenser;
CL096|Knife; CL097|Shipping/Return Label; CL098|Elastic Band; CL099|Another Tool

CC06 Order X 5 CL100|2904; CL101|2905; CL102|2906; CL103|No Order; CL104|Order Unknown

CC07 Information
Technology X 5 CL105|List and Pen; CL106|List and Glove Scanner; CL107|Portable Data Terminal; CL108|No

Information Technology; CL109|Information Technology Unknown

+ CC08 High-Level
Process X 4 CL110|Retrieval; CL111|Storage; CL112|Another High-Level Process; CL113|High-Level Process

Unknown

+ CC09 Mid-Level Process X 10
CL114|Preparing Order; CL115|Picking–Travel Time; CL116|Picking–Pick Time; CL117|Unpacking;
CL118|Packing; CL119|Storing–Travel Time; CL120|Storing–Store Time; CL121|Finalizing Order;
CL122|Another Mid-Level Process; CL123|Mid-Level Process Unknown
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Table 6. Cont.

Class Categories [CC] M C Class Labels [CL]
Icon ID Name Nr. List

CC10 Low-Level Process X 31

CL124|Collecting Order and Hardware; CL125|Collecting Cart; CL126|Collecting Empty Cardboard
Boxes; CL127|Collecting Packed Cardboard Boxes; CL128|Transporting a Cart to the Base;
CL129|Transporting to the Packaging/Sorting Area; CL130|Handing Over Packed Cardboard Boxes;
CL131|Returning Empty Cardboard Boxes; CL132|Returning Cart; CL133|Returning Hardware;
CL134|Waiting; CL135|Reporting and Clarifying the Incident; CL136|Removing Cardboard Box/Item
from the Cart; CL137|Moving to the Next Position; CL138|Placing Items on a Rack; CL139|Retrieving
Items; CL140|Moving to a Cart; CL141|Placing Cardboard Box/Item on a Table; CL142|Opening
Cardboard Box; CL143|Disposing of Filling Material or Shipping Label; CL144|Sorting; CL145|Filling
Cardboard Box with Filling Material; CL146|Printing Shipping Label and Return Slip; CL147|Preparing
or Adding Return Label; CL148|Attaching Shipping Label; CL149|Removing Elastic Band;
CL150|Sealing Cardboard Box; CL151|Placing Cardboard Box/Item in a Cart; CL152|Tying Elastic Band
Around Cardboard; CL153|Another Low-Level Process; CL154|Low-Level Process Unknown

CC11 Location–Human X 26

Main Area: CL155|Office; CL156|Cart Area; CL157|Cardboard Box Area; CL158|Base;
CL159|Packing/Sorting Area; CL160|Issuing/Receiving Area; CL161|Path; CL162|Cross Aisle Path;
CL163|Aisle Path
Path: CL164|Path (Office); CL165|Path (Cardboard Box Area); CL166|Path (Cart Area); CL167|Path
(Issuing Area)
Cross Aisle Path: CL168|1–2; CL169|2–3; CL170|3–4; CL171|4–5
Aisle Path: CL172|1; CL173|2; CL174|3; CL175|4; CL176|5; CL177|Front; CL178|Back
Other: CL179|Another Location; CL180|Location Unknown

CC12 Location–Cart X 27

Main Area: CL181|Transition between Areas; CL182|Office; CL183|Cart Area; CL184|Cardboard
Box Area; CL185|Base; CL186|Packing/Sorting Area; CL187|Issuing/Receiving Area; CL188|Path;
CL189|Cross Aisle Path; CL190|Aisle Path
Path: CL191|Path (Office); CL192|Path (Cardboard Box Area); CL193|Path (Cart Area); CL194|Path
(Issuing Area)
Cross Aisle Path: CL195|1–2; CL196|2–3; CL197|3–4; CL198|4–5
Aisle Path: CL199|1; CL200|2; CL201|3; CL202|4; CL203|5; CL204|Front; CL205|Back
Other: CL206|Another Location; CL207|Location Unknown

Categories CC06–CC12 capture contextual information, which refers to complemen-
tary information that places an activity within its content-related, procedural, and spatial
frames. This includes the customer Order (CC06), the use of Information Technology (CC07),
the embedding of the activity in Processes (CC08–CC10), and the Location of the subject
(CC11) or the picking cart (CC12).

Certain categories are organized hierarchically. Sub-Activity–Left Hand and Sub-
Activity–Right Hand are subdivided into Primary Position, Type of Movement, Object, and Tool,
while Locations is subdivided into Main Area, Path, Cross Aisle Path, Aisle Path, and Other.

Depending on the category, between four and 35 class labels were defined, yielding
a total of 207 distinct labels. When all categories are combined, annotation and revision
result in 68,174 unique label representations. A total of 3,444,327 frames were annotated
and revised for each of the 12 class categories. The label Unknown, used when annotators
were unsure, was largely resolved during review and remains in only 0–0.07% of cases. It
does not occur in CC06–CC09, CC11, or CC12 and appears in less than 0.01% (CC10) to
0.07% (CC05) of the remaining classes.

Figure 12 illustrates the complexity of the annotation process and the resulting label
representations. The example depicts the order picking process for two positions (order
lines), each comprising the route from the base to the item, retrieval of the item from a
rack, scanning the barcodes of the storage compartment and the item, confirmation of the
retrieval, transportation of the item back to the base, and placement on the picking cart.

In the first frames of Figure 12, the picker begins processing the first position by
walking along the cross aisle to the next position in the third aisle path, holding a portable
data terminal in the right hand, with the left hand inactive, performing the retrieval process
(order 2905) during the travel time phase, while the cart remains at the base.
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Figure 12. Example sequence from the DaRA dataset (duration: 1398 frames ≈ 46.6 s) showing
two order picking positions performed by subject S14 during the scenario 2 of the recording session 5.
The first four layers display sensor data, including cropped first-person views and examples from five
of the six third-person RGB camera views, energy of the inertial recordings from the MotionMiners
IMU set 44-C (blue = right wrist, green = belt, red = left wrist), and RSSI from the same device set
connecting to the beacon number 13 (position of beacon see Figure 9). The fifth layer shows two pick
confirmations transmitted by PDT and stored in the WMS. The subsequent layers depict the 12 class
categories with their revised labels, where one label of some categories (e.g., CC06 Order; see Table 6)
spans the entire sequence, while others (e.g., CC02 Sub-Activity - Legs) contain multiple annotation
segments with different labels. (The style of this figure is based on [6]). A video of this sequence is
available on YouTube (https://youtu.be/qU0XvKY20SE, accessed on 18 January 2026).

Upon reaching the rack, the subject stands and searches for the correct compartment,
checking the display for the quantity to be retrieved. The Strongly Bending motion then
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begins as the subject scans the storage location code. The onset of the bending movement
is clearly visible in the torso IMU data (green) as a distinct peak (see Figure 12). Additional
motion segments and their corresponding labels can also be visually identified in the
IMU signals—for instance, those belonging to class CC02. Segments of the Gait Cycle
are characterized by rhythmic oscillations in the torso IMU data (green), whereas the
signal amplitude becomes more erratic and decreases noticeably during Standing Still and
Step phases.

3.5. Annotation and Revision

The following sections describe the methodology, procedure, and time effort involved
in annotation and revision.

3.5.1. Annotation Methodology

After video export and synchronization, annotation and subsequent revision—following
the silver standard with more-experienced revisers as described in [112]—were conducted using
the SARA tool [88,109]. The labels are annotated segment-wise in time, meaning that label
segments were defined with flexible durations based on the natural onsets and offsets
of movements. The commencement and cessation of these segments, in addition to the
selection of labels, are determined by the annotator’s perspective.

Regarding label exclusivity, either a single label or a multi-label was applied, de-
pending on the class category. With a single label, exactly one label was assigned to each
time interval, as in class categories CC01, CC02, CC07, CC08, CC09, and CC10 (for class
categories, see Table 6). In contrast, in the multi-label category, either multiple labels were
allowed (CC03, CC06, CC11, CC12) or required (CC04, CC05).

All labels were assigned as hard labels, i.e., with unambiguous allocation (e.g., 100%
Walking in CC01 or 100% No Bending in CC03; see the example in Figure 12).

3.5.2. Annotation Sessions

The dataset was manually annotated by 15 domain experts and by trained internal
annotators. Each annotator received instructions and an annotation guideline (see the
Documentation.pdf file) and performed test annotations (see [113]) to ensure the label quality.
Subsequently, annotators were assigned specific subjects, and each recording was annotated
in full by exactly one annotator per class category (single-annotator labeling).

Annotation was performed either individually or jointly, depending on the class
category (see Table 6). Main Activity (CC01) and Locations (CC11–CC12) were annotated
separately, while CC06–CC08 and CC09–CC10 were annotated jointly. A sequential an-
notation strategy was applied to reduce effort and minimize errors, particularly for less
experienced annotators.

To further increase consistency, we integrated dependency rules into the tool as CSV
files that specify all valid label combinations within and across categories. Once this depen-
dency file is imported, the annotator is prevented from selecting any invalid combinations.
For example, Walking and Standing cannot co-occur in Main Activity. Similarly, Sub-Activities
(CC02–CC05) were annotated with reference to the previously assigned Main Activity, en-
suring segment alignment. In this way, annotators of Sub-Activities simultaneously acted as
revisers of Main Activity.

3.5.3. Annotation Revision

Following the annotation, both manual and automated revision of the annotated labels
were conducted. During manual revision, each annotated file (e.g., Location–Human class
category for subject S05; see Figure 13) was imported into SARA Tools with the video
files, thereby enabling synchronized playback of both the videos and the labels. Each file
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was revised once (except files from Main Activity) by one of the eight revisers. In cases
of a mislabeled or misplaced segment, new labels were assigned, or the start and end
boundaries of segments were adjusted.

The Main Activity, unlike the other class categories, was revised not separately but in
parallel with the annotation of the Sub-Activities CC02–CC05. For this purpose, the already
annotated class labels of the Main Activity were extended by the class labels of CC02. The
goal was to preserve the existing Main Activity segments, as they are conceptually closely
related to the Sub-Activities. During the annotation of CC02, the annotator examined the
Main Activity and manually corrected it when necessary. Due to the use of dependencies,
the incorrectly annotated Main Activity labels had to be adjusted to assign the CC02 class
labels. For example, it was not possible to annotate CL016|Gait Cycle if CL012|Standing was
already assigned within the same segment. This procedure was repeated analogously for
CC03 through CC05, with the revised Main Activity labels carried forward continuously.

Figure 13. Screenshot from the tool SARA [88,109], displaying the fully annotated and revised
recording (180,466 frames) of the Location–Human class category for subject S05 wearing a purple shirt
during session 2. On the left, the FPV from the action camera is shown, while the right side displays
the TPV from fixed cameras 1 and 2. To the right of the videos, the annotator assigned the label
Packaging/Sorting Area, which was verified by the reviser. The lower color gradient represents the set
segments. Each of the 564 segments corresponds to a new area, with the segment width indicating
the duration the subject remained in that area. The colors align with the floor plan coding scheme
(see Figure 4). The displayed frame (89,202) captures the subject in the Packaging/Sorting Area (light
blue), just as they are about to leave it and enter the Path (lime green).

In addition, automated plausibility checks were applied to identify frames with an
excessive or insufficient number of labels (the number varies depending on the class
category), as well as mutually exclusive label sequences either within a single class category
(e.g., in the class category Location, the label Aisle Path cannot directly follow Cart Area
because other areas are in between) or across multiple categories.
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3.5.4. Time Effort

For all class categories, the annotation required 1572 person-hours (PH), and the
revision amounted to 361 PH (see Table 7). The time requirements refer exclusively to the
main annotation and revision. They do not include time spent on annotator training, test
annotations, or correcting errors identified through automated checks. The effort varied
significantly across class categories. In the case of annotation, the average labeling effort
for a one-minute video ranged from 6 sec (Order, Information Technology, and High-Level
Process) to over 12 min (Sub-Activity–Left Hand).

Table 7. Effort for annotating and revising 3, 444, 327 frames of video footage (31:55:26 hh:mm:ss)
from S01–S18 for every CC. The ratio indicates the average time required to annotate or revise one
minute of video footage, calculated as the total annotation or revision time divided by 31:55:26
hh:mm:ss.

Class Category Annotation Revision
Total Ratio Total Ratio

[hh:mm:ss]

CC01 Main Activity 172:35:30 0:05:24 – –

CC02 Sub-Activity–Legs 278:44:27 0:08:44 68:12:31 0:02:08

CC03 Sub-Activity–Torso 108:12:37 0:03:23 76:13:01 0:02:23

CC04 Sub-Activity–Left Hand 384:24:34 0:12:02 71:15:00 0:02:14

CC05 Sub-Activity–Right Hand 378:12:41 0:11:51 73:46:51 0:02:19

CC06 Order
3:13:20 0:00:06 1:01:40 0:00:02CC07 Information Technology

CC08 High-Level Process

CC09 Mid-Level Process 129:15:32 0:04:03 39:20:41 0:01:14CC10 Low-Level Process

CC11 Location–Human 92:08:38 0:02:53 22:51:42 0:00:43

CC12 Location–Cart 25:19:00 0:00:48 8:30:55 0:00:16

Total All Categories 1572:06:19 0:49:15 361:12:21 0:11:19

3.6. Available Data and Dataset Utilization

The DaRA dataset, available through the Zenodo repository [15], supports a broad
spectrum of research applications such as human activity recognition, human context
recognition, indoor localization, process mining, and process recognition.

The dataset comprises both sensor data and revised annotations for three sensor
modalities: camera (29.97 fps), IMU (100 Hz), and BLE (10 Hz). Within each recording
session, the three FPV and six TPV camera streams are temporally synchronized, i.e., they
start simultaneously but may differ in overall duration depending on the speed at which
the recording session is completed. In total, the FPV camera recordings comprise 31:55:26 h
(see Table 5) and the TPV camera recordings amount to 77:18:24 h. Video annotations were
synchronized with the wearable sets (IMU and Beacon) based on defined synchronization
movements. The Python script (version 1) used to perform the synchronization is available
on GitHub [106]. Further details are provided in the Documentation.pdf file. In total, the
dataset contains 1056 revised annotation files, including the following:

• A total of 216 annotations for the synchronized cameras (18 subjects × 12 class categories);
• A total of 420 annotations each for the IMU data and the Beacon data ([18 subjects ×

2 wearable sets—one faulty wearable set from subject S10] × 12 class categories).
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The WMS data (available in CSV format) includes picking confirmations recorded
via the PDT. All timestamps are synchronized with the video data and the corresponding
annotation files.

Class label configuration files, called scheme files (available in JSON format), enable
the import, visualization, and editing of annotations in conjunction with the video record-
ings within the SARA annotation tool [88,109]. A dedicated scheme file is provided for
each class category, defining the corresponding annotation structure.

The accompanying documentation file (PDF format) provides further information
on the dataset. It includes an annotation guideline, detailed descriptions of all 12 class
categories and their 207 class labels, and the master item data, containing information
on storage location, physical dimensions, and weight. Furthermore, the documentation
features item photographs, the three customer orders, and information about the sensor
placement, synchronization, and sequence, as well as the start and end of the scenarios.

Finally, a Python script for preprocessing (ZIP archive) is provided to enable cus-
tomized modification of the annotation files [106]. The script supports interactive selection
of class categories, with optional filtering of Unknown and/or Other labels. It decomposes
structured classes by splitting Location—Human/Cart into Main and Sub locations, and
Left/Right Hand into Primary Position, Type of Movement, Object, and Tool. It can also construct
compact input and output combination columns for downstream analysis. The processed
results are exported as synchronized per-subject CSV files.

4. Evaluation—Dataset Quality

The overall quality of the dataset is determined by the consistency of the labels after
annotation and revision, the quality of the acquired sensor data, and the application of the
labels and sensor data for HAR.

4.1. Annotation and Revision Quality

The annotators were required to conduct test annotations for each class category they
annotated or revised. For the class categories CC06–CC08, the entire recording of subject
S09 was test-annotated. For the other categories, excerpts of over five minutes from subjects
S04, S05, and S06 were test-annotated. The revisers had to revise the test annotations for
their respective class categories. The test video recordings, along with all test annotations
and revisions, have been published as an additional dataset on Zenodo [113].

To assess annotation quality as well as the revised datasets, we used Cohen’s κ [114]
for exactly two annotators and Light’s κ [115] for more than two annotators, the latter being
the mean of all pairwise Cohen’s κ values. Overall agreement was summarized as macro-κ,
defined as the unweighted average of per-label κ. Because extremely rare labels in the test
annotations can yield unstable κ estimates (e.g., if only one annotator marked 10 frames in
the test annotation as Sitting while others did not), we pre-specified a filtered macro-κ that
includes only labels with sufficient support (≥0.5% of frames and ≥30 positive frames).

After revision, we observed high average macro Light’s κ across categories, ranging
from 78.27% (CC02, Sub-Activity—Legs) to 99.88% (CC06, Order) (see Table 8). According
to common benchmarks [116–118], this corresponds to substantial to almost perfect agree-
ment. We also found a clear difference between human movement categories (CC01–CC05;
78.27–81.61%) and context categories (CC06–CC12; 90.95–99.88%). A similar pattern is
already visible in the unrevised test annotations. Overall, these findings indicate that
context segments were easier and more consistently labeled than human movements.

Significant enhancements from the annotation to the revision, for example, in CC02
(Sub-Activity—Legs; from 60.99% to 78.27%), in CC03 (Sub-Activity—Torso; from 40.83%
to 81.61%) and CC10 (Low-Level Process; from 73.25% to 90.95%), are partly attributable
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to the use of Another and Unknown labels during annotation whenever an unambiguous
assignment seemed infeasible. During revision, such segments were typically reassigned
to more specific labels, thereby substantially increasing agreement.

Table 8. Strength of agreement over annotations and revisions divided by class categories. As the la-
bels of classes CC04 and CC05 are semantically equivalent, test annotation was performed exclusively
for Sub-Activity–Left Hand (CC04). It is evident that the label definitions are equivalent; therefore, the
resulting Light’s kappa value can be directly applied to the Sub-Activity–Right Hand (CC05).

Class Category Cohen’s/Light’s Kappa [%]
ID Name Annotation Revision

CC01 Main Activity 75.77 80.59

CC02 Sub-Activity–Legs 60.99 78.27

CC03 Sub-Activity–Torso 40.83 81.61

CC04 Sub-Activity–Left Hand 71.32 78.35CC05 Sub-Activity–Right Hand

CC06 Order 95.44 99.88

CC07 Information Technology 95.20 99.86

CC08 High-Level Process 94.53 99.85

CC09 Mid-Level Process 89.63 98.63

CC10 Low-Level Process 73.25 90.95

CC11 Location–Human 88.54 98.04

CC12 Location–Cart 92.47 98.16

4.2. Sensor Data Quality

The recordings from all six fixed cameras are synchronized and corrected across all six
sessions. Correcting here means adding blank frames to keep all the videos synchronized
for annotation purposes. Due to a battery change, the cameras did not record the same
material. However, synchronization and data integrity are unaffected. All nine video
streams from the action and fixed cameras were automatically synchronized and then
manually verified and corrected as needed. The synchronization of the videos for each
session was verified using several sections with rapid movements by the subjects, such as
gait cycle, and white markings on the floor. Any residual temporal offsets are minimal, on
the order of zero to three frames. An illustrative example is shown in Figure 8, where a
one-frame offset is visible: in (b) the foot remains on the line, whereas in (h) it has moved
slightly behind it.

The MotionMiners devices record IMU data and RSSI from all the beacons in the
layout. Each device set per subject comprises three devices (right arm, left arm, and
torso) and records a three-dimensional accelerometer, a three-dimensional gyroscope, and
RSSI readings from all beacons spread across the layout. The RSSI signals are used for
indoor localization by means of a fingerprinting method, where a region is represented by
statistical features from the RSSI signals from the three devices for a specific period of time.
Localization is carried out by distance classification.

The MotionMiners devices guarantee the recording of IMU data with no data loss at a
sampling rate of 100 Hz, as they record the data and transfer it upon completion. Still, when
devices are damaged, complete recordings are lost—MotionMiners seeks to reduce such
cases. One of the two device sets of test subject S10 recorded incorrectly and is therefore
not included in the dataset.
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4.3. Quality of Revised Annotations and Sensors Combined—Deploying DaRA for HAR

We trained a tCNN-IMU, similar to [4,10], using the IMU data as a HAR baseline. This
serves as a high-quality example showing that the data and annotations can, in principle,
be used to train AI methods. The tCNN-IMU processes sequence segments with a feature
map input of size [T, 18], where T is the sequence length and 18 is the number of sequence
channels, corresponding to [x, y, z] accelerometer and gyroscope measurements from the
three devices. The sequence segments are extracted following a sliding-window approach
with a window size of T = 150, step size of s = 25 (16.7% overlapping). The tCNN-IMU
computes either an activity class k or a binary-attribute representation a. An attribute
representation is a combination of sub-activity labels (short activities or limb movements)
a ∈ B, creating a sort of semantic description of an activity. Each attribute indicates whether
a specific sub-activity is present during the activity. Following [4], input sequences are
normalized per sensor channel to the range of [0, 1]. Additionally, a Gaussian noise with
parameters [μ = 0, σ = 0.01] is added.

Following the training procedures from [3,42], the IMU data is divided into three
sets: training, validation, and testing. The training set comprises recordings from subjects
[S02, S03, S04, S06, S07, S08, S10, S11, S12, S13, S15, S16]. The validation and testing sets
are composed of recordings from [S01, S05, S18] and [S09, S14, S17], respectively. An
early stopping approach is followed using the validation set. This set is also used to find
appropriate training hyperparameters. Recordings with labels Synchronization, Another
Main Activity, and Main Activity Unknown are not considered for training. The architecture
is trained using batch gradient descent with RMSProp, with an RMS decay of 0.9, a learning
rate of 1× 10−4, and a batch size of 400. Moreover, Dropout was applied to the first and
second fully connected layers. The tCNN-IMU is trained using a softmax layer to predict
activity classes directly with Cross-Entropy Loss, or a Sigmoid layer to predict an attribute
representation with Binary-Cross-Entropy Loss.

Tables 9 and 10 present the performance of the method solving HAR on the DaRA IMU
dataset using the softmax layer and sigmoid layer. Precision is computed as P = TP

TP+FP .
Recall is computed as R = TP

TP+FN . Having TP, FP, and FN as the true positives, false
positives, and false negatives. The weighted F1 is calculated as wF1 = ∑C

i 2 × ni
N ×

Pi×Ri
Pi+Ri

,
with ni being the number of window samples of class Ci ∈ C. Confirm with Pen, Walking and
Standing activities show the best performances. These results align with [4,9], which show
that using attribute predictions for HAR improves classification performance. However,
these are preliminary results, as the DaRA datasets include multiple annotation levels;
HAR and process predictions using HMMs, transformers, or LSTMs should be considered.

Table 9. Recall [%] and precision [%] of human activity recognition (HAR) with predicting the
activity classes using Softmax on the DaRA IMU dataset.

Main Activity
Metric

Recall Precision

Confirm with Pen 91.18 3.05
Confirm with Screen 0.00 0.00
Confirm with Button 57.50 4.01
Scan 18.97 7.42
Pull 78.16 66.89
Push 74.21 90.38
Handling Upwards 54.17 61.39
Handling Centered 71.99 84.23
Handling Downwards 66.45 54.37
Walking 80.00 75.36
Standing 81.88 67.83
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Table 10. The overall accuracy [%] and wF1 [%] of HAR using Softmax for predicting activities
k and Sigmoid for predicting an attribute vector a on the IMU of the DaRA dataset. An attribute
representation a is a combination of sub-activity labels with a ∈ B, creating a sort of semantic
description of an activity.

Metric Softmax Attributes

Acc [%] 72.12 74.62
wF1 [%] 70.40 73.70

Table 11 shows the confusion matrix from the activity class predictions using the
tCNN-IMU with the softmax layer. The three confirm activities show poor performance, i.e.,
low precision with very high false positives. These activities are very difficult because they
have a shorter duration than others, e.g., with fewer samples. Besides, these activities are
not carried out by all the subjects. Scan tends to be predicted as Handling Center, which are
semantically similar.

Table 11. Confusion matrix from the class predictions using tCNN-IMU with the softmax layer.

Main Activity

Confusion Matrix

Confirm with
Scan Pull Push

Handling
Walk. Stand.

Pen Screen Button Up. Cen. Down.

Confirm with Pen 124 0 0 32 7 43 1948 1623 83 121 87
Confirm with Screen 0 0 5 0 1 12 45 367 42 106 107
Confirm with Button 0 0 46 3 0 3 161 609 167 155 2
Scan 0 63 1 291 6 9 340 1924 534 156 600
Pull 0 0 0 0 2347 775 6 374 3 3 1
Push 0 0 0 0 249 6276 0 411 0 3 5
Handling Upwards 11 1 12 191 19 58 7899 4513 14 119 29
Handling Centered 1 26 4 502 319 883 3251 64,222 2079 3157 1805
Handling Down. 0 1 1 51 0 2 63 4858 6711 467 190
Walking 0 0 6 2 15 303 155 5398 62 20,004 598
Standing 0 0 5 462 40 93 714 4906 404 714 15,473

We primarily experimented with IMU data for human activity recognition (HAR)
using main activity labels and sub-activity labels with an existing method, namely tCNN-
IMU [4,10]. This initial evaluation of DaRA provides a baseline for HAR. Process prediction,
localization using BLE RSSI, and the combination of multiple devices and label types are
to be carried out as part of future work. As part of future work, we aim to experiment
with the relationship between activities and location using low- and mid-level processes,
using learning methods such as LSTMs, Transformers, and HMMs. This experimentation
is based on the strong relation between repetitive activities, location areas, and structured
processes within logistics tasks.

5. Discussion and Future Works

5.1. Discussion

This paper introduced the DaRA dataset, a novel multimodal dataset for HAR and
HCR in intralogistics. It includes multiple sensors and extensive class labels that describe
both human movements and context, allowing activities to be characterized in terms of
content, procedure, and spatial setting.

The DaRA dataset helps address key research gaps in HAR and HCR. First, there is
a lack of datasets specifically designed for industrial domains. Second, existing datasets
often lack contextual sensor data or labels, which are essential for a comprehensive un-
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derstanding of activities. Finally, DaRA offers rich metadata that are rarely available in
comparable datasets.

The dataset provides high-quality annotations and detailed sensor data. Limitations
arise from the recording environment and subject characteristics. The semi-controlled
lab setting enables realistic movements but does not fully reflect real-world warehouse
processes, and only selected intralogistics processes and technologies are covered. Further-
more, women are underrepresented among subjects, and the subjects were not professional
warehouse workers.

A trained neural network achieved an F1 score of over 73.70% for activity recognition,
demonstrating successful classification of human movements. The next logical step is to
advance HCR, where context may be derived from both sensor data and classified activities.

5.2. Future Works

The created DaRA dataset can be used for the well-established field of HAR as well as
for HCR. HCR encompasses indoor localization and, in particular, the still underexplored
and increasingly relevant research area of process recognition. For a comprehensive
optimization of workflows in a warehouse environment, it is not sufficient to know solely
what a person is doing (main and sub-activity); it is equally important to determine where
(location) and, most importantly, within which process step this activity is being performed.
In this way, recognized activities can be embedded into a semantically meaningful and
human-interpretable context.

Furthermore, the dataset offers substantial potential for logistics simulations, motion
prediction, policy learning in robotics [119,120], multi-view integration, the detection and
identification of logistics objects, and studies on RGB-based person and action recognition.
Although multimodal data have been shown to yield superior predictive performance
in neural networks compared to unimodal approaches, DaRA deliberately pursues the
objective of enabling robust recognition using as few information sources and sensor types
as possible in industrial settings. Consequently, a unimodal design was adopted in this
work to produce a lightweight neural network architecture that operates reliably with
reduced GPU resources. Nevertheless, future experiments incorporating multimodal data
are desirable to systematically evaluate the trade-off between additional sensor modalities
and potential gains in predictive performance.

Based on the provided labels for the recordings, further studies can be conducted
on temporal jitter in motion annotations and on the derivation of textual annotations.
Future versions of DaRA are also intended to provide skeletal information extracted from
RGB videos, thereby facilitating policy learning in robotics and supporting simulation-
based research.
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Abbreviations

The following abbreviations are used in this manuscript:

ADL Activities of Daily Living
BLE Bluetooth Low Energy
BPMN Business Process Model and Notation
CAARL Context-Aware Activity Recognition in Logistics
CC Class Category
CL Class Label
CNN Convolutional Neural Network
DaRA Data Fusion for advanced Research in industrial Applications
FN False Negative
FP False Positive
fps Frame per Second
FPV First-Person View
HAR Human Activity Recognition
HCR Human Context Recognition
HMM Hidden Markov Model
Hz Herz
ID Identification
IMU Inertial Measurement Unit
IT Information Technology
LARa Logistic Activity Recognition Challenge
LSTM Long Short-Term Memory
MoCap Motion Capture
Nr. Number
P Precision
PDT Portable Data Terminal
PH Person-Hours
R Recall
RGB Red–Green–Blue (refering to colored video)
RGB-D Red–Green–Blue and Depth (refering to colored video with depth information)
RSSI Received Signal Strength Indicator
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TN True Negative
tcnn Temporal Convolutional Neural Network
TP True Positive
TPV Third-Person View
WMS Warehouse Management System

Appendix A
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Figure A1. Positioning of the DaRA dataset (green) within the taxonomy of HAR datasets.
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Figure A2. Idealized BPMN of the mid-level process Preparing Order with its low-level processes.
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Abstract

Human Activity Recognition (HAR) using wearable sensors has shown great potential
for personalized health management and ubiquitous computing. However, existing deep
learning-based HAR models often suffer from poor user-level generalization, which limits
their deployment in real-world scenarios. In this work, we propose a novel multi-task
contrastive learning framework that jointly optimizes activity classification and supervised
contrastive objectives to enhance generalization across unseen users. By leveraging both
activity and user labels to construct semantically meaningful contrastive pairs, our method
improves representation learning while maintaining user-agnostic inference at test time.
We evaluate the proposed framework on three public HAR datasets using cross-user splits,
achieving comparable results to both supervised and self-supervised baselines. Extensive
ablation studies further confirm the effectiveness of our design choices, including multi-task
training and the integration of user-aware contrastive supervision. These results highlight
the potential of our approach for building more generalizable and scalable HAR systems.

Keywords: Human Activity Recognition (HAR); user-generalization; contrastive learning;
multi-task learning; wearable sensor; supervised contrastive learning

1. Introduction

Human Activity Recognition (HAR) is a general task that aims to recognize hu-
man activities based on various types of signals, such as images/videos, wireless signals,
and wearable sensors. It plays a crucial role in a wide range of applications that directly
impact health, safety, efficiency, and overall quality of life.

With the rapid development of the global economy and digital technology, the concept
of “active health” has gained increasing attention. This approach emphasizes long-term,
continuous, and dynamic tracking of individuals’ behaviors throughout the entire life
cycle. It aims to assess an individual’s status, behavioral trends, and developmental
trajectory, empowering users to proactively adjust their lifestyles and promote healthy
behaviors [1]. HAR, particularly when applied to daily activity monitoring, plays a central
role in this context by helping users understand and manage their physical routines,
ultimately facilitating personalized health management.

Among various HAR modalities, wearable sensor-based HAR is especially promising.
Compared to vision-based methods [2], it is less intrusive and less affected by environ-
mental variations. Compared to wireless signal-based methods [3], it benefits from a “one

Sensors 2025, 25, 6988 https://doi.org/10.3390/s25226988
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device per user” configuration, which avoids inter-user interference and mitigates the need
to retrain models in different environments. Furthermore, with the rapid advancement and
increasing ubiquity of the Internet of Things (IoT), wearable HAR has received widespread
attention. The sensor manufacturing industry has matured significantly, making standard-
ized hardware more affordable and accessible. These trends make wearable sensor-based
HAR a low-cost and scalable solution for large-scale deployment.

In recent years, deep learning-based HAR systems have achieved promising results by
extracting rich temporal and spatial features from sensor data. However, a key challenge
remains: user generalization.

Most existing methods assume that the training and test data are drawn from the same
distribution [4–8], which limits their ability to generalize to unseen users.

In real-world applications, sensor signals often vary significantly across individuals
due to differences in body shape, movement patterns, sensor placement, and personal
habits [9,10]. Consequently, models trained on a fixed user group often fail to generalize to
new users—this phenomenon is commonly known as the user generalization problem.

To address this challenge, it is essential to learn user-invariant representations that
capture the semantic essence of activities while minimizing user-specific variations. Prior
works have explored personalized HAR frameworks [11–16], typically adopting a two-
stage approach: pre-training on a general dataset followed by fine-tuning on data from the
target user. While effective, these methods suffer from two major limitations: (1) collecting
data from each new user increases deployment costs, and (2) the two-stage training pipeline
adds complexity and computational overhead.

In parallel, several studies have aimed to improve user generalization directly during
training by learning domain-invariant representations [10,17,18]. These methods often
introduce regularization terms, domain alignment losses, or adversarial objectives to
reduce inter-user variability. Although they achieve promising zero-shot performance,
such methods usually rely on indirect modeling of user differences and require assumptions
such as known domain boundaries or sufficient domain diversity. Moreover, the resulting
training pipelines can be complex and sensitive to hyperparameter tuning. In contrast, we
take a more direct approach by explicitly leveraging available user labels during training.
By formulating a multi-task objective that combines activity classification and supervised
contrastive learning based on user and activity labels, our method encourages the model to
learn user-invariant yet task-discriminative representations. This strategy avoids domain-
specific assumptions and enables efficient generalization to unseen users without requiring
per-user adaptation.

In summary, we propose a single-stage learning framework that integrates supervised
classification and supervised contrastive learning in a unified multi-task setup. This design
enables the model to learn robust and transferable activity representations that generalize
well to unseen users, without relying on any user-specific fine-tuning.

The main contributions of this work are summarized as follows:

• We propose a novel multi-task supervised contrastive learning framework for user-
generalizable wearable HAR. By jointly leveraging activity and user labels during
training, the framework explicitly promotes user-invariant yet activity-discriminative
representations, allowing the model to perform user-independent inference without
any per-user calibration.

• We introduce a unified single-stage optimization strategy that integrates supervised
classification and contrastive objectives into one cohesive learning process. This design
avoids the objective misalignment and complexity commonly seen in two-stage pipelines,
providing a simple and effective approach for improving user-level generalization.
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This paper is organized as follows. Section 2 reviews related work on human activity
recognition (HAR) using wearable sensors, outlining recent advances and challenges.
Section 3 describes our proposed framework, including its motivation, overall architecture,
and key components. Section 4 presents the experimental setup, datasets, and results to
evaluate the effectiveness of our approach, including comparisons with baseline methods
and ablation studies. Section 5 provides an in-depth analysis of the results and discusses
comparisons with related methods and ablation studies. Finally, Section 6 concludes
the paper.

2. Related Work

2.1. Wearable Sensor-Based HAR Model

Sensor-based HAR aims to recognize human activities using various wearable sen-
sors [18]. The wearable sensor-based approach plays an important role in this field due to
its advantages in popularity, computational efficiency, and privacy protection, with wear-
able sensors serving as the main interfaces [19]. Therefore, we focus on the wearable
sensor-based approach in this work.

Early practical HAR systems demonstrated the feasibility of recognizing daily activ-
ities using body-worn or smartphone sensors in real-world environments. For example,
Bao and Intille [20] and Ravi et al. [21] deployed multi-sensor systems to collect data from
subjects performing everyday tasks, while Kwapisz et al. [22] validated activity recognition
using smartphone accelerometers in unconstrained settings. Subsequent studies such as
Weiss et al. [23] further evaluated wearable devices in realistic usage scenarios, provid-
ing important insights into device placement and user variability. These works laid the
foundation for later HAR research.

In recent years, researchers have proposed various HAR models based on wearable
sensors to achieve robust and accurate performance, including feature engineering com-
bined with deep learning models [24] or traditional machine learning models [25], as well
as purely deep learning-based approaches [4–8,26–29].

2.2. Contrastive Learning for HAR

Contrastive learning aims to learn discriminative feature representations by con-
trasting positive and negative sample pairs. Most existing frameworks follow a two-stage
pipeline: pre-training with a pretext task and fine-tuning on labeled data. In self-supervised
settings, the encoder is trained on unlabeled data and then frozen during fine-tuning, mak-
ing it especially useful when labeled data are limited.

Owing to this advantage, contrastive learning has been widely adopted in wearable
sensor-based human activity recognition (HAR). Haresamudram et al. [30] introduced
Contrastive Predictive Coding (CPC) to HAR, leveraging future timestep prediction to
encode temporal dependencies. Their self-supervised approach improved performance
in low-label regimes and enhanced robustness for transitional activities. Chen et al. [31]
proposed SimCLR, which generated two augmented views per sample and trains a Siamese
encoder using the NT-Xent loss. Tang et al. [32] applied SimCLR to wearable HAR using a
TPN [33] backbone, while Khaertdinov et al. [34] proposed CSSHAR by combining SimCLR
with a CNN-Transformer encoder.

A well-known limitation of self-supervised contrastive learning is the presence of false
negative pairs. To mitigate this issue, Wang et al. [35] proposed ClusterCLHAR, which
employed clustering to reduce false negatives. However, due to the unsupervised nature of
clustering, this issue cannot be fully resolved. Alternatively, Prannay et al. [36] introduced
Supervised Contrastive Learning (SupCon), where label information was used during
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pre-training to construct more semantically consistent positive and negative pairs, thereby
providing stronger inductive biases.

2.3. Personalization and User Generalization Approaches

Despite the success of deep learning in wearable HAR, a persistent challenge remains:
the user-dependency problem—models trained on specific users often fail to generalize to
unseen individuals due to differences in gait, movement patterns, and sensor placement.
Recent studies have explored two main directions to address this issue: personalization
and user generalization.

2.3.1. Personalized Approaches

Personalization-based methods adapt models to individual users. CrossHAR [11]
learned a shared latent space and applied user-aware recalibration with limited labeled data.
Distributed online learning [12] has shown promise for personalized adaptation in stream-
ing IoT scenarios. Saha et al. [13] proposed a lightweight one-dimensional convolutional
neural network (CNN), and transfer learning was used to fine-tune the network model
using real-time perceived data. On-device training on a smartphone was used for model
fine-tuning, enabling the HAR system to achieve personalized customization without
compromising privacy or increasing computational costs. Pixi et al. [14] proposed a hybrid
framework that combined offline representation learning with on-device classifier adap-
tation. To address privacy concerns, recent works have explored implicit personalization.
IPL-JPDA [15] leveraged pseudo-labeling and multimodal sensing for cross-user adaptation
without target labels. Additionally, FedHAR [16] enabled decentralized semi-supervised
personalization via prototype-based memory updates and consistency regularization.

While personalized HAR methods effectively handle user heterogeneity, they typically
involve two-stage pipelines and require data from target users, raising concerns about
privacy and data quality. Although federated and pseudo-labeling approaches offer privacy-
preserving alternatives, the lack of reliable target user data remains a key bottleneck for
real-world deployment.

2.3.2. User Generalization

Generalization-based methods aim to learn user-invariant representations without
relying on target user data. GILE [17] employed variational inference and an independent
excitation mechanism to disentangle latent spaces and achieve zero-shot generalization.
CCIL [10] was a concept-level regularization strategy that ensured consistency across
activity classes by aligning both feature and logit spaces. AFFAR [18] learned domain-
invariant and domain-specific features and adaptively fused information from multiple
source domains. While effective, these methods often require complex training pipelines or
strong assumptions about domain shifts.

While generalization-based methods achieved good zero-shot performance without
relying on target user data, their effectiveness often depends on complex regularization
objectives and the availability of diverse source domains. These requirements can limit
scalability or robustness when applied to real-world scenarios with limited domain vari-
ability or resource constraints. In contrast, our approach directly leverages user and activity
labels through a multi-task contrastive learning framework, providing a simpler and more
interpretable training process while enhancing generalization through explicit seman-
tic alignment. This design offers a viable alternative to complex domain generalization
procedures, especially when user labels are available during training.
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3. Methodology

3.1. Problem Setup

The high-level motivation for improving user-level generalization has been introduced
in Section 1. Here, we provide the technical rationale and formal problem setup that guide
the design of our multi-task supervised contrastive framework.

Given a labeled dataset

D = {(xi, yact,i, yuser,i)}N
i=1,

where each sample is annotated with both an activity label yact and a user label yuser,
our objective is to learn an encoder Fθ(·) that produces a representation supporting two
properties: (1) accurate activity classification via a downstream classifier Gϕ(·), and (2)
robust generalization to unseen users.

Optimizing the first property is straightforward through supervised learning. How-
ever, relying solely on the classification loss does not explicitly enforce user-invariant
structure in the representation space. To address this limitation, we incorporate a super-
vised contrastive learning objective that encourages samples sharing the same activity label
to cluster together while pushing apart samples from different activities. Formally, this
regularizes Fθ to produce representations that emphasize activity semantics while reducing
user-specific variations.

We adopt a multi-task learning (MTL) formulation to jointly optimize the classification
and contrastive objectives. MTL enables the encoder to benefit from complementary
supervision signals and improves representation robustness across users. Instead of a two-
stage pre-training and fine-tuning pipeline, we employ a single-stage joint optimization
strategy. This avoids potential objective misalignment between pretext and downstream
tasks and simplifies the training process by allowing both objectives to guide representation
learning simultaneously.

In summary, the problem setup requires learning activity-discriminative yet user-
invariant representations from data annotated with both activity and user labels. Within
this formulation, our multi-task supervised contrastive framework provides a unified
optimization process in which the classification and contrastive objectives jointly guide
the encoder to capture activity semantics while suppressing user-specific variations [37].
This enables the resulting representations to generalize effectively to users unseen during
training, without requiring any user-specific adaptation.

3.2. Multi-Task Contrastive Learning Framework

An overview of the proposed framework is shown in Figure 1.
As illustrated, during the training phase, data augmentations are applied to generate

two distinct views for each input sample. These augmented views are processed by a
shared encoder Fθ(·) to obtain feature representations fcl. In parallel, the raw input data
are also passed through the same encoder to produce fraw.

The features fcl are then fed into a projection head Hφ(·) to compute the contrastive
loss LCL, whereas fraw is passed to a classification head Gϕ(·) to compute the classification
loss LCE.

47



Sensors 2025, 25, 6988

Figure 1. Overview of the proposed Multi-Task Contrastive Learning Framework for User-
Generalizable HAR.

3.2.1. Model Architecture

Figure 2 illustrates the overall model architecture used in this work.

Figure 2. Model architecture. The encoder consists of residual blocks with convolutional layers,
followed by global average pooling. The projector and classifier are built from MLP layers with
non-linear activations and dropout.

To support deployment on wearable devices, where computational resources and
battery life are often constrained, we design our framework around a lightweight neural
network for efficient feature extraction. In this work, we adopt ResNet [38] as the backbone
encoder owing to its strong representational capability and computational efficiency.

As shown in Figure 2, the encoder consists of three stacked residual blocks, each con-
taining three convolutional layers with batch normalization and ReLU activation. A global
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average pooling layer is applied after the residual blocks to aggregate temporal features into
a fixed-length representation. Unless otherwise specified, we follow the original ResNet
configuration reported by Wang Z. et al. [38], with only the input and output dimensions
adapted to fit each dataset.

It is worth noting that the focus of this work is not on the specific architecture of
the encoder. Our framework is model-agnostic and can be flexibly adapted to other
backbone networks.

The projection head Hφ(·) is used exclusively during training for contrastive learning.
It projects high-dimensional encoder outputs into a lower-dimensional latent space, serving
as an information bottleneck to prevent contrastive signals from directly influencing the
encoder. We adopt a non-linear projector composed of one hidden MLP layer with ReLU
activation and dropout. The hidden layer size is selected based on the characteristics of
each dataset.

The classification head Gϕ(·) consists of three fully connected MLP layers, each fol-
lowed by ReLU activation and dropout. The final output layer maps the features to activity
logits for classification.

3.2.2. Activity Classification Task

The activity classification task serves as the primary task of our framework. Its goal is
to predict the activity label corresponding to a given sensor input. During both training and
inference, raw data segments are directly processed by the encoder Fθ(·) to extract semantic
features. These features are then passed to the classification head Gϕ(·) to produce the
predicted class logits.

Let xraw denote the raw input sample, and let y ∈ {0, . . . , C− 1} be the corresponding
ground-truth activity label, where C is the total number of activity classes. The predicted
probability distribution over the classes is obtained via the softmax output of the classifier:

ŷ = softmax(Gϕ(Fθ(xraw))). (1)

The classification objective is optimized using the standard cross-entropy loss:

LCE = −
C−1

∑
c=0

yc · log(ŷc), (2)

where ŷc is the predicted probability of class c, and yc is a binary indicator that equals 1 if
the true label corresponds to class c, and 0 otherwise.

In our multi-task framework, this classification lossLCE supervises both the encoder Fθ

and the classifier Gϕ, guiding the model to learn features that are discriminative for activity
recognition. During inference, only this classification branch is used to predict activity
labels from unseen raw inputs, without relying on augmented views or the projection head.

3.2.3. Contrastive Learning Task

To enhance the generalization ability of the model across different users, we introduce
a supervised contrastive learning (SupCon) task as an auxiliary objective during training.

Contrastive learning typically involves four stages: (1) data augmentation, (2) feature
extraction, (3) projection and optimization, and (4) fine-tuning with labeled data. In our
framework, the contrastive task is incorporated into a multi-task training paradigm, where
it shares the encoder with the classification task and is optimized jointly in a single-
stage process.

49



Sensors 2025, 25, 6988

(a) Data Augmentation. Each input sample is augmented twice to produce two
distinct views, which are then fed into the encoder Fθ(·) followed by the projection head
Hφ(·), yielding normalized embeddings for contrastive learning.

We adopt a set of simple yet effective augmentations tailored for time-series data [34].
Given a collection of augmentation operators A = {a1, a2, ..., an}, each operator is applied
to the input signal with a fixed probability p. To ensure that every instance is transformed,
jittering is applied as a base augmentation (i.e., p = 1). The augmentation methods
used include:

• Jittering: Adds Gaussian noise to the signal.
• Scaling: Multiplies the signal by a random scalar drawn from a normal distribution.
• Channel Shuffle: Randomly permutes the channels of multivariate time-series data.
• Rotation: Randomly inverts the sign of the signal values.
• Permutation: Divides the signal into segments and permutes their order.

(b) Projection Head. The projection head Hφ(·) maps the encoder output to a lower-
dimensional latent space where the contrastive loss is applied. This component acts as an
information bottleneck, ensuring that contrastive supervision does not directly interfere
with the encoder’s activity-discriminative space.

To stabilize contrastive learning and enable meaningful similarity comparisons, we
apply �2-normalization to the projected features. Specifically, the output zi of the projection
head is normalized as follows:

zi =
Hφ( fi)

‖Hφ( fi)‖2
, (3)

where fi denotes the encoder output for the i-th input sample, and ‖ · ‖2 represents the
Euclidean norm. This operation projects all feature vectors onto the unit hypersphere,
ensuring unit length.

Such normalization is essential in contrastive learning frameworks such as Sim-
CLR [32] and SupCon [36], where similarity is computed via the dot product (cosine
similarity). Without normalization, the model may exploit feature magnitudes rather than
directions to minimize the loss, leading to unstable training or representation collapse.
Moreover, this step enhances the robustness of the learned representations, particularly
under small batch sizes or high-temperature settings in the contrastive loss.

(c) Positive and Negative Sampling. The construction of positive and negative sample
pairs is crucial for the effectiveness of contrastive learning. We adopt a hard negative
sampling strategy tailored to the user generalization challenge. Specifically, given the
projected embedding zi of the i-th view and its corresponding activity label yi, we define:

- Positive pairs: samples with the same activity label across different users.
- Negative pairs: samples with different activity labels but from the same user.

This design encourages the model to learn activity-discriminative yet user-invariant
features by forcing it to ignore user-specific variations that are not semantically meaningful.

Figure 3 illustrates how our method differs from traditional SimCLR or activity-only
supervised contrastive learning in the construction of positive and negative pairs. By min-
ing hard negatives from the same user but different activities, our approach encourages the
model to suppress subject-specific biases and learn user-invariant features more effectively.
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(a) SimCLR Sampling (b) Activity-only Sampling (c) Our Proposal

Figure 3. Comparison of positive and negative pair construction strategies.

(d) Contrastive Loss. We adopt the supervised contrastive loss (SupCon) [36],
defined as:

LCL = ∑
i∈I

−1
|P(i)| ∑

p∈P(i)
log

exp(zi · zp/τ)

∑a∈A(i) exp(zi · za/τ)
, (4)

where τ is a temperature hyperparameter, I is the index set of all anchors in the batch, P(i)
is the set of positives for anchor i, and A(i) includes all positives and negatives except i
itself. The similarity is measured using the dot product between the projected embeddings.

(e) Training and Inference. The contrastive loss is applied only during training
and backpropagates through the encoder and projection head. It is discarded during
inference. Nevertheless, it serves as a strong regularizer that improves the robustness and
transferability of the learned features, thereby enhancing user-level generalization in the
classification task.

3.2.4. Loss and Optimization

The total loss is defined as a weighted combination of the two objectives:

Ltotal = LCE + λ · LCL, (5)

where λ ∈ [0, 1] controls the trade-off between the main and auxiliary tasks.
During optimization, the model parameters are updated as follows:

⎧⎪⎪⎨
⎪⎪⎩

θ ← θ − α

(
∂LCE

∂θ
+ λ

∂LCL

∂θ

)
,

ϕ ← ϕ− α

(
∂LCE

∂ϕ

)
,

(6)

where α denotes the learning rate. In our training scheme, the classification loss LCE

updates both the encoder Fθ(·) and the classifier Gϕ(·), while the contrastive loss LCL

updates only the encoder.
During testing, the raw data are directly fed into the encoder to extract features, which

are then passed through the classifier to obtain the predicted activity labels.

3.3. Evaluation Metrics

We adopt the macro-averaged F1 score as the primary evaluation metric. It is
defined as:

F1 =
2
C

C−1

∑
c=0

pc · rc

pc + rc
, (7)

where C denotes the total number of activity classes, and pc and rc represent the precision
and recall for class c, respectively.

51



Sensors 2025, 25, 6988

Macro-averaging treats all classes equally by computing the unweighted mean across
classes, which makes it more robust to class imbalance—a common issue in human activity
recognition datasets.

4. Experiments

4.1. Dataset and Preprocessing

We evaluated our framework on three public datasets that are widely used as bench-
marks in this field. These datasets include diverse participants, activities, and sensor
configurations, providing standardized benchmarks for evaluating user-level generaliza-
tion and ensuring fair comparison across studies. Table 1 summarizes the basic information
of the dataset.

4.1.1. MobiAct [39]

The MobiAct dataset, published in 2016, was collected using a smartphone. It includes
data from 66 participants aged between 20 and 47 years, who performed 16 types of
activities: 4 types of falls and 12 types of Activities of Daily Living (ADLs). The recorded
signals include acceleration (x, y, z axes), angular velocity (x, y, z axes), and orientation
(azimuth, pitch, roll). The acceleration data range is ±2 g.

The dataset contains a total of 3199 samples, comprising 767 falls and 2432 ADLs,
sampled at 200 Hz. In this study, data from 11 types of ADLs are used for experiments:
standing (STD), walking (WAL), jogging (JOG), jumping (JUM), going upstairs (STU),
going downstairs (STN), sitting (SIT), standing up from a chair (CHU), sitting down on a
chair (SCH), stepping into a car (CSI), and stepping out of a car (CSO). The lying data are
excluded because they were recorded as part of the falling process and therefore do not
represent independent ADL activities.

4.1.2. UCI HAR [40]

The UCI HAR dataset, published in 2013, contains data collected from 30 participants
aged between 19 and 48 years. The data were recorded using a smartphone worn on the
waist. This dataset focuses on six types of ADLs: walking, walking upstairs, walking
downstairs, sitting, standing, and lying.

The dataset comprises 10,299 samples, each lasting 2.56 s and sampled at 50 Hz.

4.1.3. USC-HAD [41]

The USC-HAD dataset, published in 2012, contains data collected from 14 participants
aged between 21 and 49 years. The data were recorded using an Inertial Measurement
Unit (IMU) worn on the right hip. This dataset includes 12 types of ADLs: walking for-
ward, walking left, walking right, walking upstairs, walking downstairs, running forward,
jumping, sitting, standing, sleeping, taking the elevator up, and taking the elevator down.

The dataset comprises 840 samples, each sampled at 100 Hz.

Table 1. Datasets.

Dataset Classes Frequency Sensors Subject

MobiAct [39] 11 200 Hz A, G, O 66

UCI HAR [40] 6 50 Hz A, G 30

USC-HAD [41] 12 100 Hz A, G 14
A: Accelerometer; G: Gyroscope; O: Orientation (ignored).

To facilitate comparison and data processing, we downsampled all datasets to 50 Hz in
the experiments and divided the data into 1 s windows with a 50% overlap. We downsam-
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pled the datasets to 50 Hz for two main reasons: (1) Standardization and comparability: A
50 Hz sampling rate is a common and well-established practice in the HAR literature. This
standardization allows for consistent window sizes in terms of time duration. (2) Signal
characteristics: According to the Nyquist theorem, a 50 Hz sampling rate is sufficient to
capture all signal dynamics up to 25 Hz. For human-scale activities (e.g., walking, running,
jumping), most discriminative information lies in low-frequency bands, typically well
below 10–15 Hz [42]. Downsampling to 50 Hz can reduce computational amount without
losing the core kinematic patterns required for accurate activity classification. Unless
otherwise stated, datasets are split by users. For each dataset, we allocated 20% of users’
data as the validation set and 20% as the test set, with the remaining 60% used for training.

4.2. Implementation Details

In this work, we use the AdamW [43] optimizer. For each dataset, the training hyper-
parameters were fine-tuned, as detailed in Table 2. All experiments were implemented in
PyTorch 2.7.1 on a local workstation equipped with an Apple M3 Pro GPU (Apple Inc.,
Cupertino, CA, USA) running macOS Sonoma 14.3. The backbone configuration follows
the original ResNet configuration reported by Wang, Z et al. [38] unless otherwise specified.

Table 2. Training settings.

Dataset α Projection Size Batch Size τ Epochs (ES) λ

MobiAct 0.0003 256 256 0.1 200 (30) 0.2

UCI HAR 0.0003 256 256 0.1 100 (30) 0.4

USC-HAD 0.0001 256 256 0.1 200 (30) 0.3
α: learning rate. τ: temperature. ES: Early Stopping Patience. λ: Auxiliary weight.

4.3. Main Results

To comprehensively evaluate the effectiveness of our proposed method, we compare
it against a wide range of baseline approaches spanning multiple learning paradigms:

• Supervised Baselines: Traditional HAR models trained in a fully supervised manner,
leveraging various backbone architectures such as the hybrid CNN-Transformer-
BiLSTM (CTBL) [27], and the convolutional autoencoder (CAE) [28], DeepConvL-
STM [29], CNN-Transformer (Sup. CSSHAR) [34].

• Self-Supervised Learning Baselines: Contrastive or predictive representation learning
approaches trained in two stages. This group includes Contrastive Predictive Coding
(CPC) [30], CSSHAR [34], and ClusterCL-HAR [35].

• Personalized Baselines: Approaches tailored for personalized HAR through user-
specific fine-tuning or model adaptation. Representative methods include Proto-
HAR [44] and FedHAR [16].

• User-Generalization Baselines: Methods explicitly designed to enhance user-level
generalization and mitigate subject-domain shifts in wearable sensor-based HAR. This
category includes GILE [17], CCIL [10], AFFAR [18], and Multi-task SSL [33].

Together, these baselines cover a diverse spectrum of learning strategies—from tradi-
tional supervised models to advanced self-supervised frameworks—and provide a solid
foundation for evaluating the generalization performance of our method across users
and datasets.

We performed three independent user-disjoint validation runs. The results are sum-
marized in Table 3.
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Table 3. Macro-F1 Score (%) on Three HAR Datasets (Ave. ± STD.).

Type Method MobiAct UCI-HAR USC-HAD

Sup.

DeepConvLSTM [29] 82.40 ± 1.82 82.64 ± 0.86 67.14 ± 2.56
Sup. CSSHAR [34] 82.97 ± 1.10 93.73 ± 1.02 59.53 ± 1.06
CTBL [27] 78.66 ± 5.30 92.72 ± 1.48 69.11 ± 4.29
CAE [28] 78.75 ± 1.76 79.82 ± 0.97 49.88 ± 1.87

SSL

CSSHAR [34] 80.22 ± 1.02 90.51 ± 0.60 60.57 ± 1.92
CPC [30] 81.54 ± 1.30 82.08 ± 1.04 52.31 ± 1.95
ClusterCLHAR * [35] - 92.12 58.85

Pers.
ProtoHAR * [44] - - 71.71
FedHAR * [16] - 79.34 -

Gen.

Multi-task SSL [33] 76.40 ± 1.59 82.30 ± 1.36 49.83 ± 3.58
GILE * [17] - 88.17 -
CCIL * [10] - - 57.5
AFFAR * [18] - - 72.58

Ours MultiSupConHAR 85.93 ± 1.23 91.07 ± 2.09 76.84 ± 1.09
*: Official results reported in original paper. Bold numbers indicate the best performance on each dataset.

Table 3 presents the macro-F1 scores of our proposed method and a range of base-
line methods on three benchmark HAR datasets: MobiAct, UCI-HAR, and USC-HAD.
As shown, our method MultiSupConHAR achieves the best performance on MobiAct
(85.93% ± 1.23%) and USC-HAD (76.84% ± 1.09%), and ranks second on UCI-HAR
(91.07% ± 2.09%), slightly behind supervised CSSHAR (93.73% ± 1.02%), which employs
a CNN-Transformer backbone, and CTBL (92.72% ± 1.48%), which employs a CNN-
Transformer-BiLSTM backbone.

Compared with standard supervised baselines such as DeepConvLSTM and CTBL, our
method shows significant improvements, especially on the USC-HAD dataset, with gaining
ranging from 9.99% to 16.57% improvement. On USC-HAD, our method outperforms all
other methods, including personalized and generalized HAR approaches, demonstrating
strong generalization capability across subjects.

Moreover, MultiHAR also achieves consistently better performance than contrastive
self-supervised methods such as CSSHAR, Multi-task SSL, CPC, CAE, and ClusterCLHAR,
indicating the benefit of combining contrastive learning with supervised classification in a
multi-task framework.

We also report the model size, FLOPs, and memory usage in Table 4. Tables 5–7
present the test classification reports of our method on the three datasets.

Table 4. Model Size, FLOPs, and Memory.

Method Metric MobiAct UCI HAR USC-HAD

DeepConvLSTM
Model size 458.00 k 458.00 k 458.00 k

FLOPs (Inference) 53.20 M 53.20 M 53.20 M
Memory (Inference) 2.35 M 2.35 M 2.35 M

CSSHAR

Model size
(parameters) 9.30 M 5.40 M 6.60 M

FLOPs (Inference) 823.70 M 491.44 M 614.75 M
Memory (Inference) 48.40 M 26.98 M 31.59 M

MultiSupConHAR

Model size
(parameters) 565.60 k 566.00 k 566.40 k

FLOPs (Inference) 48.50 M 48.50 M 48.50 M
Memory (Inference) 2.20 MB 2.20 MB 2.20 MB

54



Sensors 2025, 25, 6988

Table 5. Classification Report on UCI HAR (%).

Class Precision Recall F1 Score Support

Walking 99.48 80.00 88.68 950
Walking upstairs 81.28 99.16 89.33 950

Walking Downstairs 100.0 92.02 95.85 890
Sitting 86.65 91.06 88.80 962

Standing 88.67 88.09 88.38 1075
Laying 99.43 100.0 99.71 1045

Accuracy 91.77 5872
Macro Avg 92.58 91.72 91.79 5872

Weighted Avg 92.52 91.77 91.80 5872

Table 6. Classification Report on MobiAct (%).

Class Precision Recall F1 Score Support

Standing 94.19 99.27 96.66 6445
Walking 99.38 88.82 93.80 5964
Jogging 95.34 94.00 94.67 1718
Jumping 99.77 99.88 99.83 1736
Stairs up 70.84 87.42 78.26 906

Stairs down 68.23 90.45 77.78 838
Stand to sit 91.18 72.37 80.69 257

Sitting 91.94 95.13 93.51 863
Sit to stand 80.00 70.33 74.85 91
Car-step in 80.71 70.10 75.03 388

Car-step out 77.41 60.61 67.99 424

Accuracy 94.49 25,116
Macro Avg 84.75 84.03 84.01 25,116

Weighted Avg 94.60 94.49 94.44 25,116

Table 7. Classification Report on UCS-HAD (%).

Class Precision Recall F1 Score Support

Walking Forward 69.90 89.80 78.64 2054
Walking Left 88.67 67.65 76.75 1354

Walking Right 90.85 76.57 83.10 1354
Walking Upstairs 94.51 83.38 88.60 1342

Walking Downstairs 96.59 82.26 88.85 1274
Running Forward 91.12 94.64 92.85 672

Jumping Up 100.0 98.50 99.24 666
Sitting 89.77 79.33 84.23 1350

Standing 50.25 85.60 63.33 1160
Sleeping 100.0 100.0 100.0 1960

Elevator Up 37.08 34.99 36.00 886
Elevator Down 47.53 30.68 37.29 942

Accuracy 79.13 14,996
Macro Avg 79.69 76.96 77.41 14,996

Weighted Avg 81.08 79.13 79.17 14,996

4.4. Ablation Study

To gain deeper insights into the effectiveness of the proposed multi-task contrastive
learning framework, we conduct a series of ablation studies under the LOSO (Leave-
One-Subject-Out) evaluation setting. These experiments are designed to disentangle the
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contributions of individual design components and provide empirical justification for each
design choice.

Specifically, we examine the following aspects:

• Effectiveness of Multi-Task Training: We compare three settings—supervised classifi-
cation only (primary task), supervised contrastive learning followed by downstream
classification (auxiliary task only), and our joint multi-task training approach.

• Contrastive Learning Strategies: We investigate different strategies for constructing
positive and negative pairs, including with/without user labels, with/without activity
labels, and compare two-stage versus single-stage training schemes.

• Auxiliary Task Weight(λ): We vary the weight of the contrastive loss in the total loss
function, testing λ ∈ {0.1, . . . , 0.9} to observe its influence on model performance.

• Hyperparameter Sensitivity: We study the impact of key hyperparameters, including
batch size, the presence of a projection head, and the hidden dimensionality of the
projection head.

These ablation analyses aim to address the following research questions:

1. Does joint multi-task training yield better HAR classification performance than train-
ing on individual tasks alone?

2. How should positive and negative pairs be constructed? Is incorporating user identity
during training beneficial?

3. Is the proposed single-stage multi-task approach more effective than a two-stage
contrastive pre-training followed by fine-tuning?

4. How sensitive is model performance to the choice of contrastive loss weight (λ)?
5. Are the selected hyperparameters (e.g., batch size, projection head) optimal for both

performance and generalization?

All experiments in this section use the same ResNet backbone.

4.4.1. Effectiveness of Multi-Task Training

To evaluate the effectiveness of combining classification and contrastive learning in a
multi-task framework, we compare the following variants:

• Supervised Classification Only (Primary Task Only): The model is trained solely with
the cross-entropy loss for activity classification.

• SupCon Only (Act + User): A two-stage training approach in which the model is
first trained using the supervised contrastive loss with both activity and user labels.
The encoder is then frozen, and a classifier is fine-tuned on the fully labeled dataset.

• MultiSupConHAR (SupCon Act + User): Our proposed method, where the model
is trained end-to-end by jointly optimizing the classification loss and the supervised
contrastive loss.

This comparison allows us to evaluate whether multi-task training provides a syner-
gistic advantage over single-objective approaches.

The results are summarized in Table 8.

Table 8. Macro-Average F1 Score (%) of Different Tasks.

Task MobiAct UCI HAR US-HAD

Supervised Only 75.13 89.71 71.35

SupCon (Act + User) 82.81 92.22 67.14

MultiSupConHAR 86.01 93.16 77.13

Bold numbers indicate the best performance on each dataset.
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Table 8 presents the macro-averaged F1 scores of different training paradigms on the
three HAR datasets. Our proposed multi-task framework consistently outperforms both
the supervised-only model and the two-stage SupCon model across all datasets.

Specifically, the proposed method achieves 86.01% on MobiAct, 93.16% on UCI-HAR,
and 77.13% on USC-HAD. Compared with the supervised-only baseline, the performance
improvements are 10.88%, 3.45%, and 5.78%, respectively. When compared with the
SupCon-only variant, our method also yields consistent gains of 3.20%, 0.94%, and 9.99%
on the three datasets.

These results demonstrate that jointly optimizing the classification and contrastive
objectives within a unified training framework leads to superior performance compared
with using either objective alone.

4.4.2. Contrastive Strategy Analysis

To examine the impact of different contrastive learning strategies on user-level gen-
eralization, we compare several variants based on how positive and negative pairs are
constructed, and whether contrastive learning is applied in a two-stage or multi-task
manner. Specifically, we consider the following settings:

• SimCLR (Two-stage): Self-supervised contrastive learning based solely on data aug-
mentations, without using any labels. The construction of positive and negative
pairs follows Figure 3a. The encoder is then frozen, and a classifier is fine-tuned
on the fully labeled dataset. The contrastive loss is computed using the XNent loss
Formulation (8) [34].

• SupCon (Act Only, Two-stage): Supervised contrastive learning using only activity
labels to construct positive and negative pairs (Figure 3b). The encoder is then frozen,
and a classifier is fine-tuned on the fully labeled dataset.

• SupCon (Act + User, Two-stage): A stricter version of SupCon, in which both activity
and user labels must match to form positive and negative pairs (Figure 3c).

• Multi-task + SimCLR: A joint training approach where SimCLR-based self-supervised
contrastive learning is used as an auxiliary task alongside activity classification
(Figure 3a). The contrastive loss is computed using the XNent loss Formulation (8) [34].

• Multi-task + SupCon (Act Only): Joint training with SupCon using activity labels
(Figure 3c).

LXNent =
N

∑
i=1
− log

exp(zi · zp/τ)

∑
j∈A(i)

exp(zi · zj/τ)
(8)

This comparison aims to address the following questions:

• Does leveraging label information in contrastive learning improve downstream HAR
performance?

• Does incorporating both user and activity identities into positive sampling help the
model learn more user-invariant features?

• Do multi-task learning variants outperform their two-stage counterparts across differ-
ent strategies?

For the self-supervised contrastive learning settings, we followed dataset-specific
hyperparameter configurations as reported in previous studies [34,45]. Specifically, dur-
ing the pre-training stage, we used a learning rate of 0.0001 for MobiAct and UCI-HAR,
and 0.00001 for USC-HAD. During the fine-tuning stage, a fixed learning rate of 0.0001 was
used for all datasets. All other hyperparameters were kept consistent with those used in
the MultiSupConHAR setting.
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In the two-stage training pipeline, the encoder was frozen during the fine-tuning
stage, and only the classifier was trained. All self-supervised models were pre-trained for
200 epochs and subsequently fine-tuned for another 100 epochs.

The results are presented in Table 9.

Table 9. Macro-Average F1 Score (%) of Different Contrastive Strategies.

Method MobiAct UCI HAR USC-HAD

Supervised 82.81 92.22 67.14

SimCLR 72.28 81.35 56.94
SupCon (Act Only) 78.22 89.24 71.56

SupCon (Act + User) 75.13 89.71 71.35

Multi-task (SimCLR) 80.44 91.83 73.73
Multi-task (SupCon Act Only) 82.38 92.69 74.36

MultiSupConHAR 86.01 93.16 77.13

Bold numbers indicate the best performance on each dataset.

As shown in Table 9, our proposed method outperforms all contrastive learning
strategies across the three datasets.

Among the baselines, supervised contrastive learning using activity labels (SupCon
Act Only) performs better than the self-supervised SimCLR approach in both two-stage and
multi-task settings. The multi-task variants (SimCLR or SupCon) consistently outperform
their corresponding two-stage counterparts. Furthermore, the combination of activity and
user label supervision (Act + User) under multi-task training yields the best overall results.

4.4.3. Auxiliary Task Weight Analysis

We further investigate the impact of the loss balancing weight λ, which controls the
contribution of the contrastive objective within the multi-task training framework. We vary
λ from 0.1 to 0.9 and report the macro-F1 scores on the three datasets, as shown in Figure 4.

Figure 4. Effect of contrastive loss weight λ on model performance (F1 score) across different datasets.

Overall, we observe that incorporating the contrastive loss (λ > 0) consistently
improves performance compared with purely supervised learning across all datasets.
For MobiAct, the best performance is achieved at λ = 0.1, while USC-HAD performs best
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at λ = 0.2. In contrast, UCI-HAR exhibits relatively stable performance across a wider
range of λ values, with the highest score observed at λ = 0.4.

These results suggest that the optimal value of λ may vary depending on dataset
characteristics. Datasets with higher inter-class similarity or more diverse activity types
(such as MobiAct and USC-HAD) appear to be more sensitive to the choice of λ, requiring
a careful balance between the main classification and auxiliary contrastive objectives.
In general, setting λ to a value below 0.5 yields better performance, indicating that a
moderate contrastive loss weight is sufficient to enhance representation learning without
overwhelming the primary classification task.

Interestingly, performance degrades slightly when λ is too large (e.g., 0.6–0.7 on Mobi-
Act), possibly due to the overemphasis on the auxiliary task. These findings indicate that
careful tuning of λ is beneficial, and that incorporating contrastive learning as an auxiliary
task with a moderate weight enhances cross-user generalization without compromising
classification performance.

4.4.4. Hyperparameter Analysis

We further investigate the sensitivity of our model to several key hyperparameters
within the contrastive learning framework. Specifically, we evaluate the effects of batch
size, the presence or absence of a projection head, and the hidden dimensionality of the
projection head. These factors are known to influence the learning dynamics and the quality
of the learned representations in contrastive learning [46]. All experiments were conducted
under the multi-task training setup with SupCon (Act + User) on the three datasets, while
keeping all other settings fixed.

(a) Batch Size. We evaluated the effect of batch size on model performance by varying
it across {64, 128, 256, 512, 1024}. The results, shown in Figure 5, indicate that moderate
batch sizes generally lead to better performance across all datasets.

Figure 5. Effect of batch size on F1 score across three datasets.

On the MobiAct dataset, performance peaks at a batch size of 256 with a macro-F1
score of 86.01%, while larger batch sizes (e.g., 512 and 1024) result in noticeable degradation.
A similar trend is observed on USC-HAD, where performance decreases significantly from
77.13% at a batch size of 256 to 74.00% at a batch size of 1024. In contrast, UCI-HAR
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appears relatively less sensitive to the batch size, although a slight decline in performance
is observed as the batch size increases.

(b) Projection Head. To assess the impact of the projection head in the contrastive
learning task, we compare model performance with and without a two-layer MLP pro-
jection head placed before the contrastive loss. As shown in Figure 6, incorporating a
projection head consistently improves the F1 score across all datasets. The most significant
improvement is observed on the MobiAct dataset, where the F1 score increases from 78.87%
to 86.01%. Smaller but consistent gains are also observed on UCI-HAR and USC-HAD.

Figure 6. Effect of projection head on F1 score across three datasets.

We further examine the effect of the hidden dimension size in the projection head.
As shown in Figure 7, we evaluate hidden dimensions of {64, 128, 256, 512, 1024}. The results
indicate that a moderate hidden size (256) yields the best performance across all datasets.

Figure 7. Effect of hidden dimension size in the projection head on F1 score.
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5. Discussion

As demonstrated in the previous section, our method—MultiSupConHAR—achieved
performance comparable to the baselines, demonstrating its effectiveness in enhancing user
generalization in HAR.

5.1. Main Results and Comparisons

Our proposed method outperforms most baseline models across the three HAR
datasets and achieves the best overall performance. Although its performance is slightly
lower than that of Sup. CSSHAR and CTBL on the UCI-HAR dataset, the results demon-
strate that introducing supervised contrastive learning effectively enhances user generaliza-
tion. Furthermore, as shown in Table 4, although our method has a slightly larger number
of parameters compared to the classic DeepConvLSTM baseline, it has lower Flops and
memory usage during inference because it does not use recurrent structures such as LSTM.

Compared with self-supervised contrastive learning methods, our approach not only
achieves higher accuracy but also eliminates the need for a two-stage training process.
This design reduces training costs and mitigates the potential risk of objective mismatch
between the pre-training and fine-tuning stages. For instance, CSSHAR [34] adoptd a
SimCLR-based framework with a CNN–Transformer encoder. Its model complexity is
relatively high (9.3 M, 5.4 M, and 6.6 M parameters on the three datasets), whereas our
method uses a ResNet encoder with only 481K parameters, resulting in significantly lower
computational and energy demands—making it more suitable for edge-device deployment.
Other methods, such as CPC [30] and ClusterCLHAR [35], also involved two-stage training.
CPC (Contrastive Predictive Coding) learned temporal dependencies by predicting future
latent representations from past context vectors. ClusterCLHAR performed clustering-
based instance discrimination during pre-training. Both methods were designed to leverage
unlabeled data by pre-training on unannotated signals and subsequently fine-tuning on
labeled data. While this strategy helps alleviate label scarcity, it does not improve cross-user
generalization under fully supervised settings.

We also compared our method with personalization-based approaches such as Pro-
toHAR [44] and FedHAR [16], which employed federated learning to build user-specific
models. Both methods first trained a general model and then fine-tuned personalized
models on client devices. This design effectively addresses privacy concerns by keeping
user data local. However, they still require new user data to be collected and labeled,
followed by local re-training—again, a two-stage process. In contrast, our method achieves
better performance within a single-stage pipeline without requiring per-user re-training.

Existing approaches to user generalization in HAR can be broadly categorized into
three directions:

1. Self-supervised pretraining (e.g., Multi-task SSL [33]) learns transformation-aware
representations through auxiliary tasks. While effective for representation learning,
these methods typically rely on separate pretraining and fine-tuning stages, which
limits task-level integration.

2. Domain disentanglement methods (e.g., GILE [17]) aim to separate domain-invariant
and domain-specific features through probabilistic modeling. These approaches
enable zero-shot transfer but involve complex, sampling-based training procedures.

3. Alignment-based strategies(e.g., CCIL [10], AFFHAR [18]) introduce explicit mecha-
nisms (e.g., concept matrices, domain alignment losses) to enforce consistency across
users or domains. Although these methods encourage generalization, they add extra
training components and regularization overhead.

Our method offers an alternative perspective by unifying classification and supervised
contrastive learning within a multi-task setting. This formulation leverages both activity
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and user labels to directly guide representation learning, without relying on external
alignment modules or multi-stage training.

This design enables end-to-end optimization and promotes stable training dynamics.
Moreover, the encoder remains compact (only 481K parameters), making it well-suited
for deployment on resource-constrained devices. As demonstrated by our experiments,
the proposed approach achieves competitive user-level generalization while maintaining a
simple and modular architecture.

Overall, the framework provides a balanced integration of task-driven supervision
and contrastive learning, offering a practical pathway toward generalizable HAR under
real-world constraints.

5.2. Ablation Study Discussion

Our proposed method is built upon two key design choices. First, we introduce con-
trastive learning as an auxiliary task and jointly optimize it with the primary classification
task in an end-to-end manner. Second, we adopt a supervised contrastive loss that utilizes
both activity and user labels to construct positive and negative pairs, enabling user-aware
representation learning.

As shown in Table 8, the multi-task setting outperforms individual single-task settings,
validating the effectiveness of our joint optimization strategy.

As shown in Table 9, our proposed multi-task method consistently outperforms all
contrastive learning variants across the three datasets. We highlight several key observations:

1. Supervised contrastive learning (SupCon) achieves higher performance than self-
supervised contrastive learning (SimCLR), indicating that label supervision is benefi-
cial for wearable HAR tasks.

2. Multi-task variants consistently outperform their two-stage counterparts, highlighting
the advantages of end-to-end joint training in balancing generalization and optimiza-
tion stability.

3. Interestingly, while incorporating both activity and user labels (Act + User) into
the contrastive learning process improves performance in the multi-task setting, we
observe limited or no improvement in the two-stage setting. This difference may arise
from how the two paradigms utilize supervision signals during optimization.

In the two-stage setting, the encoder is pre-trained solely using the contrastive loss,
independent of the downstream classification objective. Although user labels are used
to guide the sampling of positive and negative pairs, the learned representations are not
explicitly aligned with the classification task. As a result, the semantic structure induced
by user supervision may not transfer effectively to the downstream task and may even
interfere with fine-tuning due to objective misalignment.

By contrast, the multi-task setting jointly optimizes both contrastive and classification
losses. This end-to-end formulation ensures that user-level supervision is integrated in a
way that remains compatible with the classification objective. The contrastive loss shapes
the feature space by introducing user-level discrimination, while the classification loss
anchors the representations around activity semantics. We hypothesize that this synergy
improves hard negative mining and leads to more transferable representations across users.

Moreover, joint training reduces the risk of representation drift between the pre-
training and fine-tuning stages—a common issue in two-stage pipelines where the learned
contrastive space is decoupled from the final task objective.

These findings support our design choice: integrating activity- and user-aware con-
trastive learning into a multi-task framework offers a favorable trade-off between user
generalization and learning stability.

Figure 4 illustrates the impact of the contrastive loss weight λ on model performance.
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The optimal value of λ varies across datasets. Datasets with higher inter-class similar-
ity or a larger number of activities (e.g., MobiAct and USC-HAD) appear more sensitive
to λ, requiring careful calibration to balance the main classification and auxiliary con-
trastive objectives.

Overall, setting λ < 0.5 yields better performance, suggesting that a moderate con-
trastive loss weight is sufficient to enhance feature learning without overwhelming the
primary classification task. In contrast, performance slightly degrades when λ is too large
(e.g., 0.6–0.7 on MobiAct), possibly due to an overemphasis on the auxiliary objective. These
results confirm the importance of tuning λ to achieve robust and generalizable performance.

We further investigate the effects of batch size, the presence of a projection head,
and the hidden dimensionality of the projection head. The corresponding results are shown
in Figures 5–7.

• Batch Size: Consistent with prior studies [46], excessively large batch sizes can reduce
gradient diversity and introduce optimization instability. We select a batch size of 256
to balance computational efficiency and model performance.

• Projection Head: The inclusion of a projection head improves performance, aligning
with previous findings in contrastive learning [32]. The projection head serves as a
representation bottleneck, decoupling the contrastive space from the classification
space and thereby enhancing generalization.

• Hidden Dimension: Using overly small (e.g., 64) or large (e.g., 1024) hidden dimen-
sions leads to performance degradation. This suggests that under-parameterization
limits representational capacity, while over-parameterization may cause overfitting
or training instability. A moderate hidden dimension (e.g., 256) provides the best
trade-off.

These ablation results comprehensively validate each component of our framework
and highlight the robustness and generalizability of our multi-task contrastive learning
approach for user-level HAR.

Figure 8 shows the confusion matrices of our model on the UCI HAR, MobiAct,
and USC-HAD datasets. Overall, the model achieves a high diagonal advantage on all
datasets, indicating that most activities are correctly identified. However, some systematic
misclassifications are still observed.

For the UCI HAR dataset, the main confusion occurs between “walking” and “walking
upstairs,” and between “sitting” and “standing.” These activities have similar dynamic pat-
terns or transitional postures, leading to overlapping temporal features in the sensor space.

In the MobiAct dataset, although there are many activity categories, most categories are
accurately distinguished. However, transitional actions such as “standing to sitting/sitting
in a chair” and “sitting to standing (chair raised)” exhibit significant confusion (e.g., mutual
misclassification rates of approximately 15–25%), reflecting the challenge of identifying
short-term transitional states with subtle kinematic differences. Significant confusion also
occurs between “standing” and “car step-in/car step-out.” Short-term transitional states
also exist between these actions.

For the USC-HAD model, errors primarily occur in walking-related activities (e.g.,
walking forward, left, and right), due to the similar periodic motion patterns of these
activities. Furthermore, elevator movements (going up and down) are frequently confused
with standing, likely because these movements involve smaller amplitude of body motion
or because data such as acceleration and angular velocity during the uniform motion phase
of an elevator ride are consistent with the standing state.

These observations suggest that while the proposed model captures discriminative
representations of most activities, further improvement may require temporal context
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modeling or explicit transition state enhancement to better distinguish between fine and
low-motor activities.

Figures 9–11 shows the t-SNE visualization of representations on the UCI HAR,
MobiAct, and USC-HAD datasets of our proposal and supervised ResNet.

(a) UCI HAR (b) MobiAct (c) USC-HAD

Figure 8. Comfusion Matrix.

(a) MultiSupConHAR (b) Supervised ResNet

Figure 9. t-SNE visualization of representations (UCI HAR).

(a) MultiSupConHAR (b) Supervised ResNet

Figure 10. t-SNE visualization of representations (MobiAct).
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(a) MultiSupConHAR (b) Supervised ResNet

Figure 11. t-SNE visualization of representations (USC-HAD).

6. Conclusions and Future Work

This study presented a multi-task contrastive learning framework for user-generalizable
human activity recognition (HAR) using wearable sensor data. By jointly optimizing super-
vised classification and contrastive objectives with both activity and user labels, the pro-
posed method effectively enhances feature representations without requiring user-specific
adaptation. Extensive cross-user evaluations on three public datasets verified its effective-
ness and robustness, outperforming baseline and state-of-the-art methods on MobiAct
and USC-HAD, and achieving comparable results on UCI HAR. The ablation analyses
further confirmed the benefits of joint training, supervised contrastive loss, and task-aware
pair construction.

At the same time, the findings of this work highlight several directions for further research.
First, since the framework relies on fully labeled data for both activity and user identities,

future studies could explore semi-supervised and self-supervised extensions—such as pseudo-
labeling, contrastive pretraining, or weak supervision—to reduce annotation requirements.

Second, validation was limited to public datasets. Additional in-the-wild deployment
and long-term evaluation would provide stronger evidence of robustness to variations in
sensor placement and user lifestyle.

Finally, the present framework mainly targets cross-user generalization; integrating
complementary strategies such as domain adaptation, meta-learning, or adversarial data
generation may enable broader cross-domain and cross-device transferability.

Moreover, insights from recent computer vision research—such as multiview attention
networks with random interpolation–based augmentation [47], content–style contrastive
frameworks for domain generalization [48], and weakly supervised adversarial segmenta-
tion approaches [49] could inspire future extensions of sensor-based HAR towards more
robust and adaptive models.

Overall, the proposed framework provides methodological contributions and out-
lines a potential direction for developing scalable and label-efficient user-generalizable
HAR systems.
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Abstract

A personalized framework for smart home automation is introduced, utilizing machine
learning to predict user activities and allow for the context-aware control of living
spaces. Predicting user activities, such as ‘Watch_TV’, ‘Sleep’, ‘Work_On_Computer’,
and ‘Cook_Dinner’, is essential for improving occupant comfort, optimizing energy con-
sumption, and offering proactive support in smart home settings. The Edge Light Human
Activity Recognition Predictor, or EL-HARP, is the main prediction model used in this
framework to predict user behavior. The system combines open-source software for real-
time sensing, facial recognition, and appliance control with affordable hardware, including
the Raspberry Pi 5, ESP32-CAM, Tuya smart switches, NFC (Near Field Communication),
and ultrasonic sensors. In order to predict daily user activities, three gradient-boosting
models—XGBoost, CatBoost, and LightGBM (Gradient Boosting Models)—are trained for
each household using engineered features and past behaviour patterns. Using extended
temporal features, LightGBM in particular achieves strong predictive performance within
EL-HARP. The framework is optimized for edge deployment with efficient training, regular-
ization, and class imbalance handling. A fully functional prototype demonstrates real-time
performance and adaptability to individual behavior patterns. This work contributes a
scalable, privacy-preserving, and user-centric approach to intelligent home automation.

Keywords: smart home automation; machine learning; human activity recognition;
edge computing; intelligent environments; gradient boosting models; personalization;
context-aware systems

1. Introduction

Smart home automation uses sensor networks and signal processing to create adaptive
environments that engage with human behavior intelligently. As a means of improv-
ing user comfort, efficiency, and safety, modern systems do not just aim at automating
routine activities but also to learn and predict the user’s behavior proactively. Machine
learning-based approaches are increasingly being utilized within domestic technology to
monitor, anticipate, and react to everyday human activity in real time. This allows for more
discriminating energy management, security, and care-at-home services.

Sensors 2025, 25, 6082 https://doi.org/10.3390/s25196082
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Conventional automation platforms are often limited by static rules, fixed schedules, or
user-programmed scenes. These systems are useful in straightforward situations; however,
they are not adaptable enough to handle behavioral variability and customization. Further-
more, system design and data processing become even more complex when heterogeneous
devices—from cameras and motion sensors to smart switches and voice assistants—are
integrated. These difficulties call for learning-based systems that can recognize patterns in
behavior and make adjustments on their own.

In smart environments, machine learning—especially supervised learning—has be-
come a popular method for predicting and identifying activity. Even though deep learning
models—like convolutional neural networks (CNNs) and long short-term memory (LSTM)
networks—have shown encouraging results, they frequently call for large amounts of la-
beled data and significant processing power. Furthermore, deep neural networks’ inability
to be interpreted poses problems for applications that must be safe and user-facing. In con-
trast, gradient boosting decision tree (GBDT) ensembles—such as XGBoost, CatBoost, and
LightGBM—offer strong predictive performance, interpretable outputs [1], and efficient
training on structured tabular data. These characteristics make GBDT models particularly
suitable for smart home sensor data, where time-series information is often presented in
fixed-length sequences and categorical formats [2].

Enhancing prediction accuracy necessitates time-aware feature engineering. With-
out the need for intricate recurrent architectures, models can learn user routines through
temporal indicators such as time of day, day of the week, rolling activity statistics, and
historical trends. Furthermore, it has been demonstrated that user-level personaliza-
tion, in which distinct models are trained for each resident, enhances generalization and
system responsiveness.

The main goal of this work is to build a system that is able to predict each unique user’s
future behavior to enable personalized automation in residential settings. This system
can proactively automate devices, optimize energy consumption, and enhance comfort
and safety by precisely predicting human activities, such as cooking, sleeping, or leaving
the house. The ability to precisely predict human activities, such as leaving the home
or going to sleep, can directly enhance energy management beyond simple automation.
By anticipating future behavior, the system can proactively limit the use of unnecessary
appliances, optimize climate control schedules, and cut off any unused power to devices
that are about to become idle. This proactive approach ensures that resources are not
wasted, leading to significant reductions in overall power consumption and contributing to
a more sustainable and cost-effective smart home environment. Instead of reacting to static
schedules or direct user input, the suggested framework learns from past activity patterns
and contextual cues to predict needs and carry out control decisions automatically. The core
prediction model EL-HARP is deployed within this framework to perform these activity
forecasts. This predictive capability allows a seamless orchestration of appliances, lighting,
and environmental controls in a way that adapts to each resident’s habits and lifestyle.

In addition to developing a machine learning-based prediction pipeline, this work
also aims to introduce a functional smart home system design that demonstrates a practical
method for collecting behavioral data in real residential settings. The CASAS dataset [3] is
employed for model training and evaluation; however, the system architecture includes
physical sensor deployments such as facial recognition modules, NFC tags, ultrasonic
presence sensors, and smart switches—to emulate realistic residential scenarios. These
components collectively form a prototype environment capable of recording, labeling, and
responding to user activities, thereby laying the foundation for future datasets based on
real-time, in-home deployments.
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During the development of the proposed smart home activity prediction framework,
several key challenges were encountered:

1. Sensor noise and class imbalance in the CASAS dataset affected learning reliability.
Several activity classes exhibited sparse and inconsistent representation, while others
included overlapping or ambiguous sensor patterns. Labels such as “Other Activity”
and “Entertain Guests” were found to be frequent sources of noise and were excluded
through targeted preprocessing [4].

2. Imbalanced class distributions can lead to high overall accuracy but poor accuracy for
underrepresented classes. This discrepancy is particularly evident when comparing
accuracy with the weighted F1-score, revealing skewed recognition performance
across different activity types.

3. Computational constraints prevented the use of many state-of-the-art deep learning
architectures. Real-time deployment on edge hardware such as the Raspberry Pi 5
requires lightweight and interpretable models, necessitating trade-offs between model
complexity and performance [2].

4. Label ambiguity and activity overlap have also been recognized as significant chal-
lenges during model training. Sensor events triggered by activities such as “Relaxing”
and “Watching TV” often exhibited high similarity, hindering clear class separation.
These issues have been previously reported in the literature [4], and their effects were
observed during both data preprocessing and evaluation.

To address these challenges, the EL-HARP framework was designed as a modular,
edge-deployable system for personalized activity prediction and automation. Raw sensor
streams are first ingested via a temporal feature-extraction pipeline that denoises events,
computes instantaneous, rolling, and historical embeddings, and assembles fixed-length
input sequences. These sequences are then fed into per-user gradient-boosted tree ensem-
bles (XGBoost, CatBoost, LightGBM) to produce real-time activity forecasts. EL-HARP
orchestrates all components data preprocessing, on-device inference, automation logic, and
interactive labeling within Docker containers running on a Raspberry Pi 5. Performance
was measured in terms of prediction accuracy, weighted F1-score, and inference latency
on the edge. A fully functional prototype demonstrated EL-HARP’s ability to generalize
across heterogeneous sensor inputs, maintain sub-100 ms response times, and continuously
adapt to user behavior via incremental, voice-driven retraining.

The primary contributions of this work are summarized as follows:

• A comprehensive, modular smart home automation framework is proposed, inte-
grating real-time sensing and actuation with personalized prediction of a wide range
of user activities, including Watch_TV, Sleep, Leave_Home, Cook_Dinner, and Per-
sonal_Hygiene.

• A novel time-aware feature engineering strategy is developed, combining temporal
signals and historical behavior patterns to enhance the accuracy and interpretability
of activity prediction models. This strategy, applied to gradient-boosting models
(XGBoost, CatBoost, LightGBM), achieves particularly strong predictive performance
with LightGBM.

• The proposed framework and prediction approach demonstrate practical and efficient
deployment on constrained edge devices, enabling a privacy-preserving and adaptive
smart home solution designed for real-world environments.

The remainder of this paper is organized as follows: Section 2 provides an overview
of related work in smart home automation and activity prediction. Section 3 details
the proposed EL-HARP framework, including its architecture, hardware components,
and software integrations. Section 4 elaborates on the data-processing pipeline, feature
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engineering strategies, and the machine learning models employed for activity prediction.
Section 5 presents the experimental setup, discusses the evaluation methodology, and
analyzes the performance results. Finally, Section 6 concludes the paper with a summary
of key findings and outlines directions for future work.

2. Related Work

Smart home automation has advanced significantly recently, leveraging development
in machine learning techniques and high-performance edge computing platforms and
continuously developing human activity recognition (HAR) datasets to analyze and predict
the user activities and optimize resource utilization. This section will go through recent
contributions across HAR datasets, edge computing platforms, and machine learning
techniques used in this field.

2.1. Datasets for Smart Home Automation

Annotated, high-quality datasets are pivotal for human activity recognition research.
The following are recent notable datasets that are frequently used.

• MuRAL [5]: MuRAL, the a multi-resident ambient sensor dataset with natural lan-
guage annotations, was first made available in 2025. It consists of more than 21 h of
multi-user sensor data gathered from 21 smart-home sessions. Research on multi-
resident activity recognition and natural language comprehension is facilitated via the
dataset’s inclusion of resident identities, high-level activity labels, and fine-grained
natural language descriptions. However, since it is a newly released dataset, it lacks
established benchmarks in the literature and has seen limited adoption in studies,
which may pose challenges for comparative evaluation and generalizability.

• CASAS-SMART consists of a sizable, long-term collection of ambient sensor data from
actual homes and is a popular public resource for human activity recognition (HAR)
research. Time-stamped events from basic, non-intrusive sensors, such as motion
and door sensors, which are discreetly installed to monitor daily activities, are the
main source of data for the dataset. Researchers can train and assess machine learning
models to infer human actions from sensor patterns by labeling this raw data stream
with particular activities. The dataset is not only used for creating predictive HAR
models but also for creating anomaly detection and ambient assisted living systems,
where spotting departures from typical behavior can be crucial for keeping an eye on
wellbeing and health.

• Smart Meter Dataset [6] includes power readings for several different households. It
is employed in hybrid transformer–RNN architectures that prioritize highly accurate
and privacy-aware activity forecasting and recognition.

• Opportunity Dataset is employed to identify human activity through the use of ambi-
ent and wearable sensors. It contains sensor-rich recordings with numerous annotated
activities, which are frequently used for sequence modeling in deep learning research.

2.2. Edge Computing Platforms

Deploying machine learning models within home environments necessitates efficient,
low-power hardware solutions, such as the following.

• Home Assistant Appliances [7]: Zigbee, Thread, and Matter protocols are supported
via devices such as Home Assistant Yellow and Green, which provide integrated
solutions. Although they support a wide range of protocols and are easy to use, their
onboard AI processing power is limited.
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• NVIDIA Jetson Platforms [8]: For deep learning tasks, offer GPU acceleration that is
appropriate for computationally demanding applications. Although they are more
expensive and use more power, they provide excellent AI performance and scalability.

• Raspberry Pi (RPi) Systems [2] are used as direct-sensor central controllers that facil-
itate data storage, automation, and remote control at the network edge. Although
they are flexible and reasonably priced, their processing power is constrained for
intricate models.

2.3. Machine Learning for Energy Management and Optimization

Beyond activity recognition, machine learning is a cornerstone for optimizing power
consumption and integrating renewable energy sources in smart homes. This field leverages
predictive and control-based methods to create more efficient and sustainable systems.

2.3.1. Prediction of Power Generation

To effectively manage energy from renewable sources, the accurate forecasting of
power generation is essential. Recurrent Neural Networks (RNNs) and their advanced
variants, such as Long Short-Term Memory (LSTM) networks, are particularly well suited
to this task. These models excel at processing and learning from sequential data, making
them ideal for predicting solar power output based on historical time-series data of weather,
temperature, and cloud cover. By providing precise forecasts, these models enable energy
management systems to make informed decisions about when to store energy, consume it,
or sell it back to the grid.

2.3.2. Reinforcement Learning for Control

For dynamic energy management, Reinforcement Learning (RL) and Deep Reinforce-
ment Learning (DRL) offer a powerful framework. In this approach, an intelligent agent
learns to make optimal control decisions by interacting with the smart home environment
to maximize a long-term reward, such as minimizing energy costs or enhancing occupant
comfort. Research in this area includes using RL for modulating specific systems like heat
pumps and photovoltaic systems [9] and for managing demand response using historical
data [10]. More advanced models, like multi-agent reinforcement learning, are also being
explored [11].

• Optimal Power Scheduling: DRL has been used to create automated systems that
manage demand response. For instance, in “An optimal power scheduling method
for demand response in home energy management system” [12], a system learns to
shift the operation of appliances to off-peak hours to reduce electricity bills.

• Autonomous Control: More advanced methods, such as Actor-Critic learning, enable
agents to manage complex systems like HVAC and battery storage simultaneously.
The paper “Autonomous Price-aware Energy Management System in Smart Homes
via Actor-Critic Learning with Predictive Capabilities” [13] proposes a system that
uses DRL to make real-time decisions based on electricity prices and predicted energy
needs, balancing cost and comfort.

• Electric Vehicle (EV) Charging: The optimization of EV charging is a critical application.
Researchers have used DRL to develop “effective charging planning” [14] strategies
that minimize charging time. Similarly, a Continuous Deep Deterministic Policy
Gradient (CDDPG)-based approach has been introduced for precise and continuous
control of EV charging to manage grid load and reduce costs [15].

These applications highlight the shift from reactive to proactive and predictive en-
ergy management, positioning machine learning as a core component of future smart
home systems.
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2.4. Machine Learning Techniques

Recent developments in smart-home human activity recognition use a wide range of
machine learning techniques, from edge-optimized architectures and techniques robust to
incomplete data to self-supervised learning approaches. Every one of these approaches
offers advantages and disadvantages that affect accuracy, resource usage, and deployment
suitability. A selection of important studies is highlighted below. Non-intrusive techniques
using ambient sensors like Wi-Fi signals and cameras are gaining prominence [16,17].

Additionally, new sensing techniques are always being investigated; for instance,
thermal imaging combined with Internet of Things devices has proven useful for identifying
activity in homes [18]. In a related study, Lin et al. (2023) [19] explored a suite of machine
learning algorithms, including gradient boosting, to infer user activities directly from
heterogeneous IoT device network traffic, demonstrating the viability of a non-intrusive
and privacy-preserving approach based on network flow patterns.

Ali et al. (2025) [20] introduced an Innovative IoT and Edge Intelligence Framework
for monitoring senior citizens by employing anomaly detection from sensor data from
non-wearable devices. This system, which was created especially for edge deployment, is a
good contender for real-time home health monitoring because it obtained 82.36% Precision
and 86.03% F1 Score on the CASAS TM029 dataset.

Feng et al. (2024) [21] suggested a centralised Intensive Care Unit (ICU) Command
Centre Architecture that can use Transformer models and attention mechanisms to fuse
medical data, including smart home sensors. The suggested masked modeling technique
can be applied to HAR settings where missing sensor events are common, even though
the original study concentrated on critical care applications. Their architecture achieved F1
scores of 85.0% on the CASAS Aruba and 64.0% on the CASAS Milan datasets, demonstrat-
ing strong robustness to incomplete inputs.

Chen et al. (2024) [22] incorporated Self-Supervised Learning with Self-Attention,
efficiently utilizing unlabeled data to lessen reliance on manual annotation. Their method
demonstrated strength in pretraining but limitations under minimally labeled conditions,
achieving 85.63% F1 (Aruba-1) and 59.74% (Milan).

Srivatsa & Plötz (2024) [23] employed Graph Neural Networks to simulate the interac-
tions of smart home sensors. The technique records intricate spatial–temporal patterns by
converting sensor events into graph representations. Across several CASAS datasets, F1
scores varied from 78.3% to 88.7%.

Fiori et al. (2025) [24] presented GNN-XAR (Graph Neural Network-Explainable
Activity Recognition), an explainable GNN framework that is tailored for HAR. With an
average accuracy of 86.5% on the CASAS Milan and Aruba datasets, it highlights model
transparency through the use of attention-based graph modelling.

Zhou et al. (2022) [25] created TinyHAR, a small deep learning model designed for
deployment on the edge. Its practical utility is demonstrated by the fact that it maintains
high performance up to 89.0% accuracy across various HAR datasets while reducing the
model size by >90% when compared to baselines.

Khan et al. (2022) [26] put into practice a Hybrid Deep Learning Model for HAR in
smart homes that combines CNN and Bi-LSTM layers. Both temporal and spatial features
are successfully captured through the dual architecture. Despite its strength, it requires
more computing power than non-deep models. On the CASAS dataset, its accuracy
was 89.0%.

Khan et al. (2025) [27] introduced a Multimodal Temporal Transformer for HAR, which
focuses on fusing features from diverse sensors to capture complex temporal dependencies.
This deep learning approach offers a powerful alternative to traditional methods but is
computationally expensive and less suited for real-time edge deployment.
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Dao et al. (2025) [28] proposed RFAR, a real-time system for firefighter activity
recognition using wearable accelerometers. While achieving a very high accuracy of
97.35% on the UCI HAR dataset, this approach is limited to a specific application and
relies on wearable, single-modality sensors, which differs from the multi-sensor ambient
environment of smart homes.

Yang et al. (2025) [29] presented a privacy-preserving HAR method by fusing Inertial
and High-resolution Acoustic Data. This work highlights the importance of data fusion and
privacy, though its deep learning fusion model is more complex than a GBDT approach.

Li et al. (2023) [30] developed an approach for HAR based on Multi-environment
Sensor Data. Their deep learning model, HENN-MSD, achieved a state-of-the-art accuracy
of 96.57% on the CASAS dataset, showcasing the performance potential of complex deep
architectures for activity generalization.

Furthermore, deep unified models combining convolutional neural networks with
edge computing have been applied for tasks like face recognition [31], while ensemble
boosting methods like XGBoost have been shown to improve the consistency of accuracy in
various classification tasks [32]. More recent work explores few-shot learning with MLLMs
and visual reinforcement learning to advance HAR [33]. An overview is given in Table 1.

Table 1. Summary of representative machine learning techniques for smart home HAR.

Study (Year) Dataset(s) Method Key Advantage
Reported
Performance

Ali et al.
(2025) [20] CASAS TM029 IoT Edge

Framework

Real-time elderly
monitoring on
edge devices

86.03% (F1)

Feng et al.
(2024) [21]

CASAS
Aruba/Milan

Masked Modeling
(Transformer)

Robust to missing
sensor events

85.0% (Aruba F1),
64.0% (Milan F1)

Chen et al.
(2024) [22]

CASAS
Aruba/Milan

SSL +
Self-Attention

Reduces reliance
on labeled data 85.63% (F1)

Srivatsa & Plötz
(2024) [23] CASAS (Multiple) Graph Neural

Networks

Captures
spatial-temporal
structure

78.3–88.7% (F1)

Fiori et al.
(2025) [24]

CASAS
Milan/Aruba GNN-XAR

Interpretable GNN
with attention
graphs

86.5% (Accuracy)

Zhou et al.
(2022) [25]

Multiple HAR
Datasets

TinyHAR (Edge
DL)

Lightweight
design for
microcontrollers

89.0% (Accuracy)

Khan et al.
(2022) [26] CASAS Dataset CNN + Bi-LSTM

Hybrid

Strong
spatio-temporal
feature modeling

89.0% (Accuracy)

Dao et al.
(2025) [28] UCI HAR RFAR (Wearable

System)

Real-time, high
accuracy on
wearable data

97.35% (Accuracy)

Li et al.
(2023) [30] CASAS Deep Learning

(HENN-MSD)

High accuracy on
multi-
environment data

96.57% (Accuracy)

2.5. Open Challenges

Despite significant advancements, several challenges persist, as follows.

• Personalization vs. Privacy: Balancing model accuracy with user data privacy, espe-
cially in multi-resident scenarios. The use of tailored small language models on edge
devices is a promising approach to this issue [34], as is the use of machine learning to
detect cyber attacks [35]. Generative AI could also be used to simplify the user-centric
setup of these systems [36].

• Generalization: Ensuring models perform well across diverse home environments
and sensor configurations. This includes the challenge of continuous adaptation and
continual learning to avoid forgetting past knowledge [37].

75



Sensors 2025, 25, 6082

• Edge Constraints: developing models that operate efficiently on resource-constrained
edge devices.

• Robustness: handling sensor noise, missing data, and unpredictable user behaviors.

Future studies should concentrate on creating interpretable, lightweight models that
can learn customized routines while protecting user privacy and performing well on
edge devices. In this regard, EL-HARP is presented as a portable, interpretable model
created especially for effective, private activity prediction in smart home settings with
limited resources.

3. Methodology

This section outlines EL-HARP, a unified framework for personalized activity recog-
nition and automation in smart homes. It integrates a real-world IoT prototype with
on-device machine learning tailored for edge deployment. EL-HARP encompasses the full
sensing-to-action pipeline—real-time data collection, temporal feature extraction, and a
lightweight, adaptive gradient-boosted ensemble—running entirely on embedded hard-
ware. The system refines its behavior through incremental learning and user feedback,
ensuring continuous personalization and responsiveness without relying on cloud services.

The end-to-end framework comprises the following components:

1. A physical smart home prototype integrating commodity sensors and embedded
controllers;

2. Five real-time functional blocks supporting live activity detection and automation;
3. A structured logging subsystem for collecting appliance and behavior patterns;
4. A full data processing pipeline encompassing filtering, feature extraction, and

temporal encoding;
5. Gradient boosting–based activity classification and continuous retraining at the edge.

The system is designed to operate entirely offline, support user-specific routines, and
evolve over time based on in-home feedback. All inference and learning are performed
on-device, preserving privacy and enabling personalized automation without relying on
centralized servers.

Figure 1 provides a visual summary of this architecture. The top section shows the
physical sensing modules connected to a Raspberry Pi 5 controller, while the middle
layer outlines the five main functional components of the system. These include presence
detection, room transition handling, activity prediction with confirmation, combo-based
learning, and activity end detection.

Outputs from these components are written to structured files (activity_log.txt,
combos.json, and voice transcripts), which feed into a multi-stage processing
pipeline. The data undergoes filtering, feature engineering, and sequence generation before
being used to retrain the underlying machine learning model. The bottom segment of
the diagram highlights the continuous loop: data collected from live operation directly
informs model updates and redeployment—closing the loop between sensing, inference,
and learning.

Together, these components validate that personalized smart home intelligence can be
realized with embedded, privacy-preserving systems that evolve over time without central
cloud reliance.
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Figure 1. System architecture of the EL-HARP framework, showing the hardware interface, five
real-time control functions, structured logging, and the downstream learning pipeline.

3.1. Hardware and System Architecture

The smart home prototype is built around a Raspberry Pi 5 (8 GB) that hosts all core
services in Docker containers. Five types of sensors and devices connect to the Pi to capture
user presence, location, and appliance usage:

• ESP32-CAM Modules: Mounted at each entrance, they provide motion-triggered video
streaming. Video frames are forwarded to the Pi for OpenCV-based face detection
and recognition.

• NFC Readers + Ultrasonic Sensors: Installed at door thresholds to detect room-to-
room transitions. NFC tags carried by residents identify the user, while the ultrasonic
sensor confirms directional movement.

• Tuya-Compatible Smart Switches: Deployed on major appliances (lights, TV, kettle).
Their on/off states are polled via Home Assistant to infer ongoing activities.

• Microphone: Captures short voice responses during user confirmation or when label-
ing unknown appliance combinations. Audio is stored temporarily and passed to a
local Whisper engine.

• Raspberry Pi 5: Serves as the central controller, running:

- OpenCV Container: For face recognition.
- Home Assistant Container: For device polling and state management.
- Node-RED Container: For orchestrating logic flows.
- Whisper Container: For offline voice transcription.
- Inference Engine Container: Hosting the EL-HARP LightGBM model.
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All devices communicate locally over the home network; no data is transmitted
externally. Figure 2 illustrates this layered architecture.

Figure 2. Hardware and system architecture of the smart home prototype: sensing modules feed
into Dockerized services on Raspberry Pi 5, which in turn manage control logic, logging, and
model inference.

3.2. Real-Time Functional Blocks

Five real-time subsystems run on the Raspberry Pi within Node-RED to detect pres-
ence, track location, predict activities, learn new appliance combinations, and detect activity
end. All subsystems log events in the format:

Timestamp, Person, Room, Activity, Value

where Value is either ‘on’ (start) or ‘off’ (end).

1. Presence and Entry Detection

Triggered through ESP32-CAM motion, face recognition assigns a user ID to an entry
room. Presence is logged immediately, as outlined in Algorithm 1.

Algorithm 1 onUserDetected

Require: userId, timestamp
Ensure: An activity log entry is created and the user’s context is updated.

1: room ← ENTRY_ROOM
2: if userId not in userCtx then
3: initialize userCtx[userId]
4: end if
5: userCtx[userId].currentRoom ← room
6: userCtx[userId].currentActivity ← null
7: logActivity(timestamp, userId, room, “presence”, “on”)

2. Room Transition Detection
Each NFC scan toggles between two rooms defined for that reader. The transition

process is outlined in Algorithm 2.
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Algorithm 2 onRoomScan (with NFC toggle)

Require: userId, tagId, timestamp
Ensure: A room transition is logged and the user’s current room is updated.

1: (roomA, roomB)← lookupTagRooms(tagId)
2: lastRoom ← userCtx[userId].currentRoom
3: if lastRoom = roomA then
4: room ← roomB
5: else if lastRoom = roomB then
6: room ← roomA
7: else
8: room ← roomA {default on first scan}
9: end if

10: userCtx[userId].currentRoom ← room
11: logActivity(timestamp, userId, room, “transition”, “on”)

3. Activity Prediction and Automation (with Confirmation)

Upon each room entry, features are built and passed to the EL-HARP model. The
predicted activity is confirmed via voice; on affirmation, automation executes and the
activity start is logged. This process is summarized in Algorithm 3.

Algorithm 3 onRoomEnter (with user confirmation)

Require: userId, timestamp
Ensure: An activity is logged and the user’s activity context is updated, or a pending

configuration is saved for learning.
1: ctx ← userCtx[userId]
2: f eatures ← buildFeatures(ctx.currentRoom, ctx.historyVector, ctx.weightVector,

timestamp)
3: activity ← runModelInference( f eatures)
4: speak(“Are you currently activity?”)
5: reply ← getUserResponse()
6: if reply = “yes′′ then
7: executeAutomation(userId, activity)
8: logActivity(timestamp, userId, ctx.currentRoom, activity, “on”)
9: ctx.currentActivity.label ← activity

10: ctx.currentActivity.combo ← readApplianceStates()
11: ctx.currentActivity.timestamp ← timestamp
12: else
13: ctx.pendingCon f ig ← readApplianceStates()
14: ctx.timerCount ← 0
15: end if

4. Appliance-Combo Logging and Voice-Prompt Learning

Every 30 s, the system checks whether the current appliance state matches the pending
combo. Known combos are logged immediately; unknown ones trigger a voice prompt
and update the mapping. This routine is implemented in Algorithm 4.

5. Activity End Detection

If the appliance combo no longer matches the recorded combo for the active activity
for over 10 s, an “off” event is logged, and the activity session is cleared. Algorithm 5
summarizes this process.
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Algorithm 4 checkPersistentCombo and handleCombo

Require: timestamp
Ensure: An activity is logged, and a new activity-appliance combination is learned if not

already known.
1: for all userId in userCtx do
2: ctx ← userCtx[userId]
3: combo ← readApplianceStates()
4: if combo = ctx.pendingCon f ig then
5: ctx.timerCount += 1
6: else
7: ctx.pendingCon f ig ← combo
8: ctx.timerCount ← 1
9: end if

10: if ctx.timerCount ≥ 30 then
11: if isKnownCombo(combo) then
12: label ← lookupComboLabel(combo)
13: else
14: speak(“What are you doing?”)
15: label ← whisperTranscribe(recordAudio())
16: updateComboMap(combo, label)
17: end if
18: logActivity(timestamp, userId, ctx.currentRoom, label, “on”)
19: ctx.currentActivity ← label
20: end if
21: end for

Algorithm 5 detectActivityEnd

Require: timestamp
Ensure: An activity-end event is logged and the user’s activity context is cleared.

1: for all userId in userCtx do
2: ctx ← userCtx[userId]
3: if ctx.currentActivity �= null then
4: currentCombo ← readApplianceStates()
5: if currentCombo �= ctx.currentActivity.combo then
6: increment disconnect timer
7: else
8: reset disconnect timer
9: end if

10: if disconnect timer ≥ 10 s then
11: logActivity(timestamp, userId, ctx.currentRoom, ctx.currentActivity.label, “off”)

12: ctx.currentActivity ← null
13: end if
14: end if
15: end for

Data Storage and Services

• Activity Logs: /home/pi/activity_log.txt, each line ‘Timestamp, Person,
Room, Activity, Value’.

• Combo Mappings: /home/pi/combos.json, JSON maps appliance states to activities.
• Voice Files: /tmp/voice.wav and /tmp/voice.wav.txt for temporary audio/-

transcription.
• Dockerized Services: OpenCV, Home Assistant, Node-RED, Whisper, and inference

engine each run in isolated containers on the Pi.

In the remainder of this section, each stage is described in detail:
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3.3. Data Collection

This study’s data collection strategy encompasses two complementary scenarios to
support both rigorous evaluation and live personalization. In the proof-of-concept evalua-
tion, experiments are conducted on a curated subset of the publicly available CASAS Smart
Home dataset. Sensor events and annotated activities from 21 independent single-resident
households—each exhibiting distinct daily routines and environmental contexts—are used
to validate the generalizability of the feature engineering and sequence design across
diverse living scenarios. These CASAS-trained models are not deployed directly; they
serve solely to demonstrate feasibility, with no cross-user transfer in the live system (Box 1
in Figure 3).

Figure 3. System workflow with continuous retraining loop.

In the real-world deployment scenario, EL-HARP operates exclusively on the resi-
dent’s own data. The system initializes in a minimal “cold-start” state and continuously
collects live sensor events via the Sensing Layer. Each new labeled event—whether result-
ing from a confirmed model prediction or from a voice-prompted annotation—is appended
to the local activity log. At regular, configurable intervals (Box 7 in Figure 1), this freshly
accrued data is ingested into the continuous retraining loop, enabling fully local personal-
ization, strict privacy preservation, and adaptation to evolving routines without reliance
on any external datasets.
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3.4. Preprocessing and Denoising

The second step involves cleaning and standardizing the dataset. Given the nature of
the CASAS dataset as a long-term, multi-user research resource, the data often contains
various forms of noise—such as sensor glitches, overlapping event bursts, and infrequent
or mislabeled activity classes. The preprocessing pipeline consists of three main stages:

1. Data Transformation

• Event Pairing: Each binary sensor logs on/off events. Consecutive on/off
pairs for the same sensor define an interval (ton, toff). Intervals shorter than a
threshold (e.g., 2 s) are discarded to reduce spurious noise.

• Activity Label Assignment: each valid interval is mapped to a pre-annotated
CASAS activity label (e.g., Cooking, Sleeping), producing a sequence of times-
tamped activity intervals.

2. Label Cleaning

• Noise-Prone Class Removal: Ambiguous or sparsely represented classes (e.g.,
Other_Activity, Entertain_Guests, ENTER) are removed entirely, as they
usually represent sensor noise.

• Null-Label Filtering: Time steps with At = NULL are retained for context, but
any sequence whose final label is NULL will be discarded in sequence generation.

3. Class Imbalance Handling:

• After filtering, if the ratio of majority to minority classes exceeds 10:1, majority-
class under-sampling is applied so that no class has more than five times the
instances of the smallest class.

It is worth noting that such extensive preprocessing may not be necessary in real-world
deployments. A continuously operating system like EL-HARP can enforce stricter data
quality at the source (e.g., consistent sensor configuration, real-time logging). Therefore,
while this pipeline standardizes historical datasets like CASAS for fair evaluation, future
on-device systems may adopt more lightweight validation strategies.

3.5. Feature Engineering

At this stage, raw sensor events are transformed into structured numerical representa-
tions that capture user behavior across multiple time scales. A combination was extracted
of instantaneous features (e.g., current room, time of day), short-term rolling features (e.g.,
room and activity trends over the past few hours), and long-term historical features (e.g.,
most frequent past activities across the previous 21 days with decay weighting). This
layered design enables the model to learn from both immediate context and recurring
daily patterns.

All preprocessing is performed on a per-person, timestamp-sorted dataframe. Cat-
egorical variables (Room, Activity) are encoded as integers, and continuous-derived
quantities are standardized to zero mean and unit variance within each household. At each
timestamp, the following features are computed and grouped into three categories based
on their temporal scope:

1. Instantaneous Features (Current Context)

• Room ID (Rt): Encoded room identifier at time t, where Rt ∈ {0, . . . , R− 1} and R is
the number of unique rooms.

• Time of Day (sinusoidal encoding): The hour of the day ht ∈ {0, . . . , 23} is converted
to two cyclic features:

time_sint = sin
(

2π
ht

24

)
, time_cost = cos

(
2π

ht

24

)
.
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• Day of Week (dt): An integer representing the weekday, where dt ∈ {0, . . . , 6}, with 0
corresponding to Monday.

2. Short-Term Rolling Features (Recent Behavior)

• Hourly Activity Count (Nh(t)): Total number of activity events recorded within the
hour containing timestamp t, defined as follows:

Nh(t) =
∣∣{τ |hour_of_day(τ) = hour_of_day(t),

date(τ) = date(t), and A(τ) �= null_activity}∣∣.
• Room Entropy (HR): A scalar indicating the diversity of room usage by the user,

calculated as the Shannon entropy of room visits:

HR = −
R−1

∑
i=0

pi log pi,

where pi is the proportion of activity events occurring in room i over the entire
observation period. This feature is static and computed once per user, but it provides
a critical baseline for understanding short-term deviations.

• Rolling Activity Mean (3 h): The mean of encoded activity values within the 3-h
trailing window ending at time t:

μact,3h(t) =
1

|W3h
t | ∑

τ∈W3h
t

A(τ), whereW3h
t = { τ | t− 3h ≤ τ ≤ t}.

• Rolling Room Mean (6 h): The mean of encoded room ID values within the 6-h trailing
window ending at time t:

μroom,6h(t) =
1

|W6h
t | ∑

τ∈W6h
t

R(τ), whereW6h
t = { τ | t− 6h ≤ τ ≤ t}.

3. Historical Features (Long-Term Routine)

To capture long-term periodic behaviors, a 21-day history embedding is constructed:

• For each day d ∈ {1, . . . , 21}, the dominant activity label from a 2 h window centered
around the same time of day, d days prior to t, is extracted:

ht[d] = mode
{

A(τ) | τ ∈ [t− d days− 1h, t− d days + 1h]
}

.

• A decay weight, wd, is assigned based on the recency and weekday alignment:

wd =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

1.8, if d is a multiple of 7 AND weekday(t− d) = weekday(t),

1.5, if d is a multiple of 7 (but not satisfying above condition),

max
(
0.24, 0.96− 0.12 d

)
, if weekday(t− d) = weekday(t) (but not satisfying above conditions),

max
(
0.2, 0.8− 0.1 d

)
, otherwise.

This yields two feature vectors per timestamp:

ht = [ht[1], . . . , ht[21]] ∈ Z
21, wt = [w1, . . . , w21] ∈ R

21.
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3.6. Sequence Generation

The fourth step in Figure 3 illustrates how the live sensor stream and logged events are
converted into supervised learning samples of fixed length L = 30. Each sample consists of
the following:

• X(i) ∈ R30×8: the most recent 30 standardized feature vectors;
• h(i) ∈ ZD: the D-day history vector (D = 21);
• w(i) ∈ RD: the corresponding decay weights;
• y(i) ∈ Z: the activity label at time i;

where any sequence with y(i) = NULL is discarded.

Sliding Window Extraction

For each timestamp index, i ≥ L,

X(i) =

⎡
⎢⎢⎢⎢⎣

xi−L

xi−L+1
...

xi−1

⎤
⎥⎥⎥⎥⎦ ∈ R

30×8, y(i) = Ai.

Feature–History Configurations

To evaluate the influence of different feature sets on performance, three input configu-
rations are defined:

Configuration 1: Minimal + 7-Day History X uses only instantaneous context (room ID,
time_sin, time_cos, weekday), paired with the 7 most recent days in h (and their weights
in w).

Configuration 2: Extended + 21-Day History Adds short-term rolling features (hourly ac-
tivity count, room entropy) to X and extends h and w to 21 days.

Configuration 3: Enhanced + Rolling Statistics + 21-Day History Further includes 3 h and
6 h rolling means in X, retains the full 21-day history, and applies cyclic encodings for
time-of-day and weekday.

Data Storage

Each complete training tuple,
{

X(i), h(i), w(i), y(i)
}

, is flattened—dropping any
columns constant within that household—and appended to an on-device Hierarchical Data
Format 5 (HDF5) cache. Encoded class mappings (activity_classes, room_classes)
are stored alongside. This cache supports both initial training and the continuous retraining
of EL-HARP directly on the Raspberry Pi.

3.7. Model Training and Tuning

This stage covers model selection, hyperparameter tuning, and the transition from
proof-of-concept to live deployment.

Model Architectures

Three gradient-boosted decision tree (GBDT) ensembles were chosen for activity recognition:

• XGBoost [38]: Histogram-based tree construction, multi-class softmax objective, strong
regularization.

• CatBoost [39]: Ordered boosting, native categorical handling, automatic feature
combinations.

• LightGBM [40]: Gradient-based one-side sampling (GOSS), exclusive feature bundling
(EFB), histogram splitting for low memory.
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All models used categorical cross-entropy (multi-class log-loss) with 2% injected label
noise to simulate annotation errors. Table 2 summarizes their inference speed, memory
footprint, and edge suitability.

Table 2. Edge deployability characteristics of selected models.

Model Inference Speed Memory Footprint Edge Suitability

XGBoost Medium Medium High–Moderate (requires tuning)
CatBoost Fast Low High (native categorical handling)
LightGBM Very Fast Very Low Very High (optimized for embedded deployment)

Dataset Splitting

For each of the 21 single-resident households, sequences were split into 80% training,
10% validation, and 10% test. Stratification by label was applied when each class
had ≥20 samples; otherwise, a random split was used.

Hyperparameter Optimization and Early Stopping

Several hyperparameter configurations were assessed on validation subsets from
different users. The setting that consistently achieved the best performance across house-
holds was selected and used for all models. Models were trained with early stopping
(patience = 100 rounds) on validation log-loss. Common settings: Subsampling and feature-
fraction (or Random Subspace Method (RSM)) were both set to 0.8 across all models. Table 3
details the full hyperparameter configurations.

Table 3. Hyperparameter settings for XGBoost, CatBoost, and LightGBM.

Parameter XGBoost CatBoost LightGBM

Learning rate 0.10 0.05 0.01
Depth/Leaves 6 6 15
Number of estimators/iterations 300 1000 1000
Subsample fraction 0.80 0.80 0.80
Feature-fraction/RSM 0.80 0.80 0.80
Regularization (L1/L2) 2.0/2.0 0.0/2.0 0.0/0.10
Minimum child weight/samples 5 10 50
Early stopping rounds 100 100 100

3.8. Evaluation and Edge Deployment

The final stage of the EL-HARP framework focuses on model evaluation used for
maintaining system personalization over time.

Model performance is assessed per user using three complementary premises:

• Accuracy (Activity Recognition Accuracy): The percentage of correctly predicted
activity labels across all test samples.

• Weighted F1-Score: A class-weighted harmonic mean of precision and recall that
accounts for label imbalance.

• Confusion Matrix Analysis: A per-class visualization of prediction performance,
helping to diagnose misclassification trends between similar or overlapping activities.

All metrics are computed on the test set of each household. Validation scores are
calculated using the same metrics and used for early stopping during training. Formal
equations and result tables are provided in Section 4.

3.9. Continuous Personalization and Edge Adaptation

To ensure long-term adaptability, EL-HARP includes an efficient retraining loop that
runs entirely on the deployed edge device.
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On-device inference and logging:

The trained LightGBM model and preprocessing pipeline are containerized and de-
ployed on a Raspberry Pi 5. As live sensor events are streamed in, they are transformed
into structured feature sequences and passed through the model for real-time prediction.
Each instance is then appended to a persistent HDF5 log with timestamp, user ID, room,
and predicted activity.

Local incremental retraining:

At scheduled intervals (e.g., weekly), the following update procedure is triggered:

• Newly logged instances are retrieved from the HDF5 cache.
• These samples are appended to the existing training set.
• The LightGBM model is warm-started, extending the existing ensemble with a limited

number of trees (e.g., 50).
• Validation metrics are re-evaluated on a held-out portion of recent data.

If performance improves or remains within an acceptable tolerance range, the new model
replaces the previous version. Otherwise, the update is discarded to prevent model drift.

4. Results and Performance Analysis

The evaluation of XGBoost, CatBoost, and LightGBM is conducted across three differ-
ent feature setups, as defined in Section 3.7: Configuration 1 (basic feature set with 7-day
history), Configuration 2 (an extended feature set with 21-day history), and Configuration
3 (augmented features incorporating rolling statistics over 21 days). The primary perfor-
mance metrics reported are validation accuracy (Aval) and validation F1-score (F1,val), along
with user-specific test accuracy values for Configuration 3. Additionally, key metrics such
as activity recognition accuracy (ARA) and F1-score are used to comprehensively evaluate
model performance.

4.1. Dataset Transformation and Labeling

Smart home sensor logs are inherently noisy and heterogeneous, containing incon-
sistent readings, redundant signals, and ambiguous activity labels. In particular, the
Single-Resident CASAS dataset [3] includes classes—Other_Activity, Entertain_Guests,
and ENTER—that frequently correspond to sensor glitches or uninformative transitions.
To focus on meaningful daily routines, these classes were removed from every household’s
raw logs, following the filtering methodology of Cook et al. [41].

4.1.1. Filtering Criteria and Class Statistics

After discarding the three noisy classes, each household’s log was reduced to events
with well-defined activities (e.g., Sleep, Cooking, Watch_TV, etc.). Table 4 summarizes the
effect of this cleaning on a subset of the 21 households.

Table 4. Cleaning summary per household: samples before and after removal of noisy classes.

Household Original Cleaned Removed

user 2 104,856 15,672 89,184
user 3 42,048 6522 35,526
user 4 121,865 28,276 93,589
user 5 46,981 9484 37,497
user 6 90,017 14,024 75,993
. . . . . . . . . . . .
Total 2,731,903 428,914 2,302,989
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Figure 4 compares the global class distributions before and after filtering, illustrating
the removal of low-frequency, high-ambiguity labels and the relative preservation of core
daily activities.

Figure 4. Global distribution of activity classes across 21 households: (a) before filtering, showing
dominance of noise classes such as ENTER and Other Activity; (b) after filtering, illustrating the
removal of low-frequency, high-ambiguity labels and the relative preservation of core daily activities.

4.1.2. Example: Raw vs. Cleaned Sequence

The following listings provide representative samples of the raw sensor log (before
filtering and labeling) and its cleaned, structured counterpart. Figure 5 shows a representa-
tive raw sensor log collected from various IoT devices in the smart home. As seen, the log
contains low-level, mixed events with redundant and unstructured entries. After prepro-
cessing and labeling, the data is transformed into a clean, structured sequence suitable for
feature extraction and modeling, as illustrated in Figure 6.

Raw Sensor Log (Before Processing)

2011-07-06 19:13:30.610431 D010 Ignore Ignore CLOSE Control4-Door
2011-07-06 19:13:30.615000 MO005 EntranceDoor LivingRoom ON Control4-MotionArea
2011-07-06 19:13:30.620000 ENT002 Ignore LivingRoom ON Control4-NFC
2011-07-06 19:13:34.001641 TV001 Ignore TVPower ON Control4-Device
2011-07-06 19:13:34.005550 MO007 LivingRoom TV ON Control4-MotionArea
2011-07-06 19:57:38.382270 TV001 TVPower Ignore OFF Control4-Device
2011-07-06 19:57:44.865736 MO015 Corridor Kitchen ON Control4-MotionArea
2011-07-06 19:57:44.868900 ENT002 Ignore Kitchen ON Control4-NFC
2011-07-06 19:57:46.287388 MO016 Kitchen Sink ON Control4-MotionArea
2011-07-06 19:57:46.289500 DIV001 Ignore Ignore ON Control4-WaterFlow
2011-07-06 20:01:23.650352 DIV001 WaterFlow Ignore OFF Control4-WaterFlow
2011-07-06 20:01:24.694903 D011 Ignore Ignore OPEN Control4-Door
2011-07-06 20:01:24.696200 ENT002 Ignore DiningRoom ON Control4-NFC

Figure 5. Fabricated raw sensor log with mixed, low-level device events.

Structured and Labeled Log (After Processing)
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2011-07-06 19:13:30.610431,2,LivingRoom,ENTER,on
2011-07-06 19:13:34.001641,2,LivingRoom,Watch_TV,on
2011-07-06 19:57:38.382270,2,LivingRoom,Watch_TV,off
2011-07-06 19:57:44.865736,2,Kitchen,ENTER,on
2011-07-06 19:57:46.287388,2,Kitchen,Wash_Dinner_Dishes,on
2011-07-06 20:01:23.650352,2,Kitchen,Wash_Dinner_Dishes,off
2011-07-06 20:01:24.694903,2,DiningRoom,ENTER,on
2011-07-06 20:01:25.809591,2,DiningRoom,Eat_Dinner,on
2011-07-06 20:15:00.000000,2,DiningRoom,Eat_Dinner,off
2011-07-06 20:15:10.000000,2,Kitchen,ENTER,on
2011-07-06 20:15:12.000000,2,Kitchen,Prepare_Snack,on
2011-07-06 20:17:00.000000,2,Kitchen,Prepare_Snack,off

Figure 6. Cleaned, structured sequence ready for feature extraction and modeling.

4.1.3. Final Class Distribution per Household

After filtering, the remaining activity classes vary in frequency by household. Figure 7
shows a representative distribution for one home, demonstrating the diversity of daily
routines captured post-cleaning.

Figure 7. Activity class distribution for a representative household after filtering.

4.2. Evaluation Metrics

Key metrics include the following.

• Activity Recognition Accuracy (ARA): Proportion of correctly predicted activity segments:

ARA =
Correct Activity Segments

Total Activity Segments

In other words, ARA is the overall accuracy of the model on the test set.
• F1-Score: The harmonic mean of precision and recall, particularly useful when activity

classes are imbalanced.

F1i = 2× Precisioni × Recalli
Precisioni + Recalli

.

The overall (weighted) F1-Score aggregates F1i across all K classes by weighting each
class’s F1 by its support:

F1w =
K

∑
i=1

wi · F1i, wi =
ni

∑K
j=1 nj

.

4.3. Overall Validation Performance

Table 5 displays the average ± standard deviation of both Aval and F1,val across 21 users.
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Table 5. Mean and standard deviation of validation accuracy and F1-score.

Configuration 1 Configuration 2 Configuration 3
Model Aval F1,val Aval F1,val Aval F1,val

XGBoost 0.72 ± 0.05 0.73 ± 0.04 0.77 ± 0.04 0.76 ± 0.04 0.89 ± 0.03 0.89 ± 0.03
CatBoost 0.65 ± 0.06 0.64 ± 0.05 0.83 ± 0.03 0.82 ± 0.03 0.91 ± 0.02 0.91 ± 0.02
LightGBM 0.72 ± 0.05 0.72 ± 0.05 0.80 ± 0.04 0.79 ± 0.04 0.92 ± 0.02 0.92 ± 0.02

A consistent upward trend is observed from Configuration 1 to Configuration 3
across all models, with Configuration 3 yielding a 17–20 percentage point improvement
in validation accuracy. LightGBM demonstrates the strongest overall performance in
Configuration 3 for both metrics.

4.4. User-Level Test Accuracy for Configuration 3

The performance of each model on test data is further broken down across individual
users under Configuration 3, as summarized in Table 6.

Table 6. User-level test accuracy statistics for Configuration 3.

Model min(Atest) max(Atest) mean(Atest)

XGBoost 0.764 0.937 0.887 ± 0.04
CatBoost 0.821 0.956 0.905 ± 0.03
LightGBM 0.821 0.961 0.915 ± 0.03

Among all three models, LightGBM records the highest average test accuracy of 91.5%
and exhibits the lowest degree of variation across users.

4.5. Model Generalization Behavior

The generalization gap, denoted as ΔA = Atrain − Aval, reflects how well the model
performance transfers from training to unseen data. Table 7 presents the mean and standard
deviation of ΔA for all feature configurations.

Table 7. Average generalization gap (ΔA) for each configuration.

Model/Configuration Configuration 1 Configuration 2 Configuration 3

XGBoost 0.24 ± 0.05 0.10 ± 0.03 0.04 ± 0.02
CatBoost 0.20 ± 0.06 0.04 ± 0.02 0.03 ± 0.02
LightGBM 0.22 ± 0.06 0.14 ± 0.04 0.03 ± 0.02

All models achieve substantial reductions in generalization gap under Configuration 3,
with values falling below 0.04, reflecting improved robustness and generalization to
unseen data.

4.6. Results Interpretation

Evaluation verifies that EL-HARP’s multi-scale architectural choice—a combination
of historical context, historical rolling statistics, and long-term history embeddings—the
lightweight LightGBM achieves state-of-the-art performance (91.5% mean test precision).
The performance matches, or surpasses even, that of deeper neural methods without
compromising interpretability or efficiency. In-device trials under 100 ms with a Raspberry
Pi 5 exhibit low-memory-footprint capabilities to confirm end-to-end in-device capabilities
with stringent in-device data privacy. The dynamic retraining capability also retains
sustained accuracy with dynamic user processes, concluding the limitation of static models
in the absence of human intervention.
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End-to-end containerized deployment—bundling preprocessing, feature extraction,
inferencing from the model, and control logic all into modular services—enables fast deploy-
ment, easy updating, and easy interoperation with heterogeneous smart home platforms.

Collectively, all of these experiments demonstrate that EL-HARP provides a versatile,
secure, and scalable home automation environment with a forward-looking orientation—
with applications for energy use, elderly care, and context-dependent comfort enhancement.

5. Comparative Analysis

The optimal configuration—utilizing LightGBM combined with Configuration 3
features—demonstrates a compelling performance when compared against other dis-
tinguished smart home Human Activity Recognition (HAR) studies, as summarized in
Table 8.

Table 8. Comparison with prior smart home HAR approaches.

Study Approach Accuracy/F1 Score

Ali et al. (2025) [20]
IoT and Edge Intelligence
Framework using anomaly
detection

86.03% (F1)

Feng et al. (2024) [21] ICU Command Center with
medical sensor fusion 85.0% (F1)

Chen et al. (2024) [22] Self-Supervised Learning and
Self-Attention in smart homes 85.63% (F1)

Srivatsa & Plötz (2024) [23] Graph-based HAR using
multimodal sensor GNNs 88.7% (F1)

Fiori et al. (2025) [24] Explainable GNN-XAR on
CASAS datasets 86.5% (Accuracy)

Zhou et al. (2022) [25] TinyHAR: Lightweight deep
learning for edge devices 89.0% (Accuracy)

Khan et al. (2022) [26] Hybrid CNN-LSTM for
time-sequential HAR 90.89% (Accuracy)

Dao et al. (2025) [28] RFAR (Wearable System) for
firefighter activities 97.35% (Accuracy)

Li et al. (2023) [30] Deep Learning (HENN-MSD) for
multi-environment data 96.57% (Accuracy)

This work (2025) LightGBM + Configuration 3
Features (EL-HARP) 91.5% (Accuracy)

Relative to other HAR techniques, EL-HARP is distinctive in its proposed LightGBM
model, where the best chosen Configuration 3 features achieve the 91.5% mean test accuracy.

• Ali et al. [20] achieved 86.03% (F1) using an IoT-Edge framework that focused on
anomaly detection for monitoring the elderly. With more powerful general-purpose
recognition capacity, EL-HARP outperforms this.

• Feng et al. [21] aimed at medical sensor fusion in an intensive care unit setting,
achieving 85.0% F1, showing the domain gap where EL-HARP performs better with
higher accuracies in smart home settings.

• Chen et al. [22] achieved 85.63% (F1) through the use of self-supervised learning and
attention in a smart home environment. With a more straightforward architecture and
superior interpretability, EL-HARP performs better than this.

• Srivatsa and Plötz [23] developed a GNN-based HAR model that produced an F1
score of 88.7%, while EL-HARP’s lighter, non-deep LightGBM model produced even
better accuracy.

• Fiori et al. [24] demonstrated GNN-XAR, an explainable GNN with an accuracy of
86.5% that was trained on CASAS data. With less computational overhead, EL-HARP
performs five percentage points better than this.
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• Zhou et al. [25] proposed TinyHAR, which achieved an accuracy of 89.0% in edge
environments. While outperforming TinyHAR, EL-HARP maintains edge efficiency.

• Khan et al. [26] developed a CNN-LSTM hybrid model for HAR, which achieved an
accuracy of 90.89%. With a gain of 0.61%, EL-HARP performs better than it while
avoiding the complexity of deep learning.

• Dao et al. [28] achieved a high accuracy of 97.35% on the UCI HAR dataset with a
real-time system for firefighter activity recognition. However, this approach relies on
specific wearable sensors and a single modality, making it less generalizable and not
directly comparable to HAR in a multi-sensor ambient smart home environment.

• Li et al. [30] demonstrated a state-of-the-art accuracy of 96.57% on the CASAS dataset
using a complex deep learning model. While their model achieves a higher raw
accuracy, its computational cost and complexity are significantly greater. In contrast,
EL-HARP demonstrates that with carefully engineered features, a lightweight, non-
deep model can achieve highly competitive performance, making it a more practical
solution for resource-constrained edge devices.

These comparisons illustrate the efficacy of the proposed approach. Key takeaways
include the following.

• Comprehensive Feature Engineering: even with non-deep models, performance is im-
proved by incorporating temporal history, contextual windows, and rolling statistics.

• Gradient Boosting Ensembles: LightGBM is perfect for edge deployment since it
achieves competitive or better accuracy than intricate deep architectures while using a
lot less memory and inference time.

• Personalized Modeling: due to their ability to capture distinct activity patterns and
routines, user-specific models customized for each household routinely outperform
general-purpose models.

All other conditions being equal, EL-HARP utilizes the interplay of efficient modeling
and robust feature building. This paper shows that less complex tree models could possibly
dominate the best current deep learning architectures without compromising deployability
on small smart home devices—with the use of densely-built features and special training.
Smart home automation could be spread and expanded in practice as an outcome of this
compromise between performance and efficiency.

6. Implications for Smart Home Automation

The empirical findings presented in Section 4 highlight several important directions
for practical, personalized smart home deployment:

• Scalable Per-User Personalization: with an average test accuracy of over 90% for
all households (Table 6), the findings validate that household-specific, lightweight
models can facilitate reliable, context-aware automation.

• Feature Design over Architectural Complexity: the performance gains from Configu-
ration 1 to Configuration 3 imply that meticulously designed historical and temporal
features have a greater influence than more complex models.

• Resilience to Behavior Variability: the reduced generalization gap in Configuration 3
(Table 7) demonstrates that long-term behavior modeling can accommodate irreg-
ular routines and improve robustness, although short, transitional events remain
challenging.

• Suitability for Edge Deployment: LightGBM supports local computation and user
privacy, making it appropriate for real-time activity recognition on embedded systems
like Raspberry Pi due to its small memory footprint and fast inference speed.
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These findings lend support to the design approach that prioritizes effective ensemble
techniques, along with strong, domain-informed feature engineering to enable adaptive,
privacy-preserving automation in actual smart homes.

7. Conclusions

Here, an edge-computing-enabled, scalable, and holistic architecture, called EL-

HARP, where HARP refers to a Human Activity Recognition framework with Advanced
Robotics capabilities—Personalized sMART—has been introduced. EL-HARP offers real-
time edge computing automation with lightweight gradient-boosted models in edge
computing environments.

After thorough testing with the CASAS dataset, EL-HARP, under LightGBM runtime
with Feature Configuration 3, attained an average test precision of 91.5%. Some of the
current best algorithms fall short of this figure. These experiments attest that decision tree
boosting with gradients works effectively with deeper learning algorithms with heavily
contextual and temporal features but remains computationally fast in equilibrium with edge
systems. In order to deal with some of the major challenges in smart home automation, such
as privacy and personalization, generalization across users, low-latency edge inferencing,
and incremental adaptation, EL-HARP has also been implemented over fully functional
prototypes with a Raspberry Pi 5, ESP32-CAM, and Tuya-compatible sensors.
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Abstract

The timely detection of falls among the elderly remains challenging. Single modality sens-
ing approaches using inertial measurement units (IMUs) or vision-based monitoring sys-
tems frequently exhibit high false positives and compromised accuracy under suboptimal
operating conditions. We propose a novel bimodal deep learning-based bimodal sensing
framework to address the problem, by leveraging a memory-based autoencoder neural
network for inertial abnormality detection and an attention-based neural network for visual
pose assessment, with late fusion at the decision level. Our experimental evaluation with
a custom dataset of simulated falls and routine activities, captured with waist-mounted
IMUs and RGB cameras under dim lighting, shows significant performance improvement
by the described bimodal late-fusion system, with an F1-score of 97.3% and, most notably, a
false-positive rate of 3.6% significantly lower than the 11.3% and 8.9% with IMU-only and
vision-only baselines, respectively. These results confirm the robustness of the described fall
detection approach and validate its applicability to real-time fall detection under different
light settings, including nighttime conditions.

Keywords: fall detection; multimodal learning; LSTM autoencoder; Transformer; IMU;
pose estimation; elderly care; late fusion; nighttime monitoring

1. Introduction

Falls by the elderly remain a major public health concern due to their effect on autonomy,
quality of life, and mortality [1,2], and their timely and reliable detection is essential, particularly
for older adults living independently. However, distinguishing actual falls from daily activities
remains challenging under realistic conditions, especially at night when visual cues are degraded
by low illumination and occlusions from blankets or furniture [3–5]. The current fall detection
systems rely primarily on single modality sensing using inertial measurement units (IMUs)
or vision-based monitoring [1–3]. IMU-based methods, often employing simple thresholds or
shallow classifiers [6–10], are inexpensive and minimally intrusive, but they lack spatial contextu-
alization and frequently generate false alarms. Vision-based methods provide richer contextual
information through background subtraction, pose estimation, and deep classifiers [11–14]. Yet,
the performance of vision-based systems can degrade sharply under nocturnal conditions [5].

To obtain more accurate and reliable fall detection, multimodal sensing systems that
combine information from different sensors have been increasingly explored, notably
by combining inertial and vision sensors [3,15]. The sensor fusion can be performed
early by combining the individual sensor outputs before further processing, with the
risk of increasing noise in the processing chain, or late by having each output processed
independently, and the results merged before the final decision, enabling better calibration,

Sensors 2025, 25, 6035 https://doi.org/10.3390/s25196035
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fault isolation, and resilience against modality-specific failures [16,17]. In this regard,
decision-level fusion is more robust than early fusion, while they both endow multimodal
systems with the potential of better detection performance than single modality solutions.

In this study, we propose a deep learning-based bimodal framework for fall detection
that can operate at night, thanks to the integration of inertial abnormality detection by an
unsupervised LSTM autoencoder [18] and pose assessment by a Transformer-based vision
module [19]. By adopting decision-level fusion, the complementary strengths of IMU and
vision sensing are leveraged by having the inertial cues ensure robustness when vision is
impaired, and the visual cues provide spatial verification when inertial data is ambiguous.

A cohort of 16 participants was used to validate the framework, as training exper-
iments showed the performance gains to reach a plateau at ≈12 participants as will be
shown. Personalization experiments using few-shot learning also showed that at least 95%
performance could be recovered with only five annotated sequences per new subject, thus
mitigating inter-individual variability and addressing practical deployment needs.

Finally, RGB cameras were used for vision sensing thanks to their low cost, broad
availability, and acceptability in private environments as used by our framework, since
it operates by transforming the raw video frames into abstract skeletal keypoints, hence
thwarting subject identification while preserving context for fall detection. Moreover, our
preliminary experiments confirmed that robust performance (F1 > 96%) could be main-
tained with less than 5 lux illumination, thus mitigating the need for specialized sensors.

Our main contributions are as follows: (1) a decision level fused IMU–RGB architec-
ture for nocturnal operation, (2) the combination of an unsupervised LSTM autoencoder
for inertial abnormality detection and a Transformer-based vision module modeling spa-
tiotemporal pose from 2D skeletal landmarks, (3) a few-shot personalization protocol for
rapid user adaptation, (4) a systematic comparison showing the superiority of the proposed
approach over unimodal and early-fusion baselines in accuracy and false alarms.

2. Related Work

2.1. Assisted Living Technologies for Fall Detection

Fall detection systems are commonly grouped into three generations [1]. The first
generation relied on user-triggered alarms (e.g., wearable panic buttons) that could fail
when the user is incapacitated. The second-generation introduced wearable IMUs with
thresholding and classical machine learning (ML) classifiers. Today, the third-generation
systems seek to combine artificial intelligence and multimodal sensing, leveraging deep
neural networks to improve the detection process and context understanding.

2.2. IMU-Based Fall Detection

IMU-only approaches remain attractive for cost and privacy reasons [3,4], and they
range from simple threshold-based systems [4,20] to classical ML-based classifiers such
as SVM, random forests, decision trees, and k-NN [6,21–24], and deep learning models
recently. For example, Zhang et al. [25] developed a dual-stream convolutional neural
network with a self-attention mechanism that learns discriminative features from accelerom-
eter and gyroscope data and assigns weights to different phases of the fall signal. The
model outperformed traditional threshold-based and shallow learning approaches on public
datasets, demonstrating that neural networks can enhance fall detection accuracy while
remaining embeddable. However, while effective under controlled conditions, they often
fail to disambiguate daily fall-like activities because of the lack of spatial confirmation, thus
leading to a high false alarm rate [3]. More recent deep learning models such as unsuper-
vised LSTM autoencoders can improve the detection robustness by sensing deviations from
learned normal motion [18], but they also suffer from the lack of spatial verification.
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2.3. Vision-Based Fall Detection

Vision-based methods offer a richer spatial context via silhouettes, skeletal landmarks,
thermal or depth sensing, and classification thereof [5,10,11,26–28]. However, their per-
formance is constrained in realistic settings such as low light and occlusions at night, and
privacy concerns can limit their acceptance in homes [5,12].

2.4. Multimodal Approaches and Fusion Techniques

IMU and vision integration have been widely explored for potentially benefiting from
complementary strengths [29,30], but the process is not trivial. As mentioned, early fusion us-
ing feature-level concatenation [31–33] brings the risk of propagating modality-specific noise
and redundancy, thus reducing generalization potential [16,32]. Decision-level (late) fusion
fares better in this respect, by exploiting the two modalities independently and combining
their predictions at the end. Prior works combining deep outputs or video–accelerometer
cues reported improved robustness, though not focusing on nocturnal operation [32,34].

2.5. Remaining Gaps and Proposed Contributions

The persisting gaps in the state of the art include (i) limited evaluation in nocturnal
low-light conditions typical of bedrooms [5,12]; (ii) persistent false positives undermining
trust [35]; (iii) lack of systematic multimodal integration with abnormality detection (e.g.,
LSTM autoencoders) [18]; and (iv) limited use of attention-based temporal modeling
within multimodal pipelines [8,19]. This work addresses these gaps by introducing a
bimodal IMU–RGB framework with decision-level fusion that couples an unsupervised
LSTM autoencoder for inertial abnormality detection [18] with a Transformer-based vision
module for pose-sequence analysis [19,36].

3. Proposed Bimodal Decision-Level Fusion Architecture

The proposed bimodal fall detection architecture consists of two distinct processing
streams: (i) a vision-based stream exploiting video-based skeletal landmarks and pose
evolution, and (ii) an inertial-based stream using an LSTM autoencoder for inertial abnor-
mality detection. Both streams operate independently, and their outputs are fused by a
decision-level rule for robust and reliable fall detection.

3.1. Video Processing Pipeline and Transformer-Based Fall Detection

The vision processing module begins by using MediaPipe Blazepose from Google
Research [37,38] to extract 2D skeletal landmarks from the RGB video frames. BlazePose
uses a detector-tracker machine leaning architecture specifically designed for real-time
operation under challenging conditions, including moderate occlusions, blanket coverage
and poor illumination. The two-step pose estimation pipeline proceeds as follows: (1) a
lightweight detector locates a region-of-Interest (ROI) around the upper body, predicting
virtual keypoints to ensure a normalized and rotation-invariant body pose region; (2) a
depthwise-separable convolutional neural network regresses 33 anatomical landmark
coordinates and assigns a visibility score between 0 (not visible) and 1 (fully visible) to each
one of them.

At each video frame at time t, the current landmarks serve to update the ROI for the
frame at t + 1, to allow continuous tracking without frequent full-frame detections. This
tightly coupled detector–landmark interaction guarantees robust landmark estimation even
under adverse conditions, including partial occlusions, low-light, and typical nighttime
visual perturbations.

In this study, 2D skeletal landmarks were adopted instead of 3D, because 2D inference
better satisfies the CPU-only real-time budget of the target platform and can be more
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robust under nocturnal low-light conditions where 3D depth-based estimation frequently
fails. Furthermore, modern 2D keypoint extractors provide stable tracking and sufficient
postural cues for the downstream Transformer. Future work will investigate 3D variants
once illumination and computing constraints can be relaxed.

Figure 1 illustrates upright vs. prone configurations from BlazePose. The evolution of
their bounding box’s aspect ratio can be used to provide a coarse postural cue.

Following landmark extraction, the obtained coordinates in normalized units are
converted to pixel coordinates by

xpixel
i = xnorm

i .wframe and ypixel
i = ynorm

i .hframe (1)

where wframe, hframe denote the frame dimensions in pixels. Then, a coarse bounding box is
computed for posture estimation, with its extreme coordinates derived from the subset of
the landmark points with visibility greater than a threshold (0.50 in this work):

xmin = min
i

xpixel
i , xmax = max

i
xpixel

i (2)

ymin = min
i

ypixel
i , ymax = max

i
ypixel

i (3)

Given the previous coordinates, the bounding box’s aspect ratio ρ f is

ρ f =
xmax − xmin
ymax − ymin

(4)

with ρ f > 1 indicating a prone or horizontal posture (possible fall) and ρ f < 1 indicating
an upright posture. The prone states increment a fall counter with the requirement of
30 adjacent ones for fall confirmation (1 s continuity at 30 fps). This minimizes transient
false alarms due to jitter or brief occlusions.

For fine-grained temporal analysis, we integrate a Transformer neural network to
account for the sequential evolution of the landmarks. The Transformer model architecture
includes the following:

• Input structure: The concatenated landmark coordinates as feature vectors of size
66 (33 points × 2 coordinates per point) for each of the 30 consecutive frames
(1 s duration).

• Transformer Encoder: four stacked Transformer layers, each one having an 8-head
self-attention mechanism to capture the complex spatiotemporal correlations and
abrupt posture changes associated with falls.

• Classification Layer (Decoder): feedforward neural network to project the produced
256-dimensional embedding to a 1-dimensional output vector corresponding to
“fallen” and “normal” classes via softmax probabilities.

The Transformer network is trained with manually labeled nighttime data, with 70%
used for training, 15% for validation, and 15% for testing, Adam optimization (learning
rate 3 × 10−4) with cross-entropy loss [39], and early stopping to avoid overfitting.

A secondary temporal verification step aggregates the bounding box and Transformer
outputs to enforce a robust fall confirmation, thus significantly reducing the likelihood of
false positives due to temporary landmark occlusions or lighting fluctuations.

3.2. LSTM Autoencoder for Inertial Abnormality Detection

The inertial sensing module consists of an unsupervised abnormality detection archi-
tecture based on an LSTM autoencoder. The model is as follows:
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• Encoder: Two stacked LSTM layers, each one with 128 hidden units, to compress
the inertial signals (tri-axial accelerations and gyroscopic velocities) into a compact
256-dimensional latent representation.

• Decoder: A symmetric LSTM-based decoder reconstructing the original inertial se-
quences from the latent vectors, followed by a dense output layer (256 to 6-dimensional
reconstruction).

The model training involves predominantly normal inertial data (non-fall activities),
segmented into sliding windows of 60 samples with 50% overlap. Z-score normalization
and band-pass filtering are used to pre-process the IMU signals for drift and noise artifact
reduction as will be described in Section 4.4. The hyperparameters were optimized with
validation-based grid search [40].

The reconstruction error is quantified by the Mean Squared Error (MSE) at the autoen-
coder’s output:

MSE(n) =
1
T

T

∑
t=1

∥∥xt
n − x̂t

n
∥∥2, T = 60 (5)

where xt
n denotes the IMU input vector and x̂t

n its corresponding reconstruction by the
LSTM autoencoder. A statistical error threshold τ (e.g., 95th percentile) is used to detect
abnormal motion patterns, with any reconstruction MSE exceeding τ triggering a motion
abnormality alert for the associated window:

Abnormal if MSE(n) > τ (6)

3.3. Decision-Level Fusion Rule

The final classification integrates the visual and inertial outputs through a decision-
level fusion rule. Figure 2 depicts the runtime pipeline, showing the IMU and vision
streams producing independent fall scores, each one compared to a common threshold α

(0.70 used in this work), with a joint gating rule issuing the final label. More specifically,
the late-fusion approach uses the vision-based fall probability p(Vision)

f all and the IMU-based
abnormality score normalized into [0, 1]

sanomaly = min
(

MSE(n)
τ

, 1
)

(7)

A segment is labeled FALL when p(Vision)
f all > α and sanomaly > α (with α = 0.70). If

only one score exceeds α, the event is flagged LOW-CONFIDENCE for further verification;
otherwise, the label is NORMAL.

As mentioned in Introduction, this design improves robustness against single-modality
failures. For example, false positives from inertial impulses (e.g., abrupt sitting) are sup-
pressed by visual verification, whereas vision occlusions or darkness are compensated by
reliable inertial detections.

3.4. Few-Shot Personalization Protocol

To evaluate the system’s adaptability to unseen users in data-scarce scenarios, we con-
ducted a dedicated few-shot learning experiment atop the Leave-One-Subject-Out (LOSO)
protocol, a variant of k-fold cross-validation [41] where each fold considers the data from a
single subject. For each of the 16 participants, the model is first trained on the data from
the remaining 15 subjects, yielding a subject-agnostic baseline. Subsequently, K annotated
sequences from the held-out subject, K ∈ {1, 2, . . . , 10}, were used to incrementally fine-
tune the final fusion classifier with the inertial and visual encoders frozen. This protocol
emulates post-deployment calibration under limited supervision and transfer learning
from the subject-agnostic model to a new user. Next is the detailed procedure:
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Let D = {S1, S2, . . . , S16}, where Si is a set of time-synchronized and recorded RGB
and IMU sequences for subject i ∈ {1, . . . , 16}, each sequence representing labeled data
over a 1 s interval (30 RGB frames at 30 fps and 60 IMU samples at 50 Hz). The sampling
is class-stratified to include both fall and non-fall segments when available. Then, the
following three computations are performed for each value of K:

(1) LOSO pre-training: for every subject i, a baseline model M− i is trained on

D(i)
train = D \ Si (8)

(2) Incremental M− i fine-tuning with K sequences (few-shot). Using the held-out subject
data, we uniformly sample without replacement a calibration set:

D(i,K)
cal ⊂ Si,

∣∣∣D(i,K)
cal = K

∣∣∣, K ∈ {1, 2, . . . , 10} (9)

where K is capped to 10 to model a realistic calibration effort and because performance
saturates beyond K ≈ 7 (see Section 5.5). As mentioned, only the decision-level fusion
classifier is updated (learning rate 1 × 10−4, 50 iterations), while the IMU (LSTM) and
vision (Transformer) encoders are frozen. As a result, the number of trainable parameters
is less than 5 k, enabling on-device adaptation in less than 2 s on an average CPU such as
Intel’s I5.

(3) Evaluation and aggregation: The adapted model Mi,K is tested on the disjoint held
out set

D(i,K)
test = Si � D(i,K)

cal (10)

For each K, we report the mean F1-score across 16 LOSO folds,

F1(K) =
1

16

16

∑
i=1

F1
(

Mi,K, D(i,K)
test

)
, (11)

and the 95% percent confidence intervals are computed across folds using Student’s t with
15 degrees of freedom:

x± t0.975,15
s√
16

(with t0.975,15 ≈ 2.131) (12)

where x is the fold-wise mean, s is the sample standard deviation of the per-fold metric. The
between-method differences are assessed with paired two-sided t-tests over the 16 folds
(significance p < 0.05; here all p < 0.001), and the resulting F1(K) curve quantifies the
few-shot recovery performance as a function of K.

Figure 1. Skeletal MediaPipe model [42] with bounding box, showing the 33 anatomical landmark
points for pose estimation: Standing up (left), lying down (right). The bounding box’s aspect ratio
helps detect falls.
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Figure 2. Proposed IMU–RGB pipeline with decision-level fusion for fall detection. Offline: the LSTM
autoencoder is trained on non-fall IMU sequences and the 95th percentile of training reconstruction
errors defines a threshold τ for detecting abnormal IMU sequences; the Transformer encoder is trained
on vision data for binary FALL detection. Runtime: Vision stream: RGB video (30 fps)→ BlazePose
(33 2D landmarks)→ Transformer inference→ fall probability pfall after 1 s temporal voting; IMU
stream: IMU signal (50 Hz) → LSTM-AE inference → abnormality score sanomaly = MSE/τ after
1 s. Decision-level fusion: FALL if pfall > pthresh and sanomaly > α (pthresh = α = 0.70 in this work);
LOW-CONFIDENCE FALL if only one condition holds; NORMAL otherwise.
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4. Experimental Setup and Dataset Description

4.1. Participants and Experimental Setup

The experimental protocol was conducted with sixteen healthy adult volunteers
(eight males, eight females; mean age: 42.1 ± 4.8 years; height: 1.71 ± 0.07 m; weight:
68.9 ± 9.4 kg), none of whom reported neurological, orthopedic, or cardiovascular condi-
tions that might affect mobility. All participants provided written informed consent in
accordance with institutional ethics guidelines prior to participation.

Data acquisition was carried out in a controlled indoor environment simulating a
typical nocturnal bedroom scenario. The setup included a standard single bed, pillows,
blankets, a bedside table, and other common furniture items to ensure ecological realism.
Ambient illumination was maintained below 5 lux to replicate realistic nighttime conditions,
without the use of auxiliary lighting or infrared sources.

4.2. Data Acquisition

As Figure 3 shows, each subject wore a waist-mounted smartphone (rear waistband)
secured using an adjustable elastic strap to ensure stable sensor contact. The embedded
IMU (Inertial Measurement Unit) captured six-axis data: three-axis linear accelerations
(±16 g) and three-axis angular velocities (±2000◦/s), uniformly sampled at 50 Hz. All
inertial data streams were timestamped and loosely synchronized with the RGB video
stream using a local Network Time Protocol (NTP) server, achieving sufficient temporal
coherence for decision-level fusion processing.

 

Figure 3. Experimental setup: (a) Waist-mounted IMU placed at the back (smartphone form factor).
(b) RGB positioned at 1.2 m with an oblique lateral viewpoint, with the field of view (FOV) indicated
in red and covering the bed area. Ambient illumination kept below 5 lux with no auxiliary IR lighting
during data collection.

The RGB video data were recorded using a laterally positioned camera placed at
approximately 1.2 m height to ensure a full and unobstructed view of each participant’s
body during all activities. The video streams were acquired at 1920 × 1080 resolution and
30 fps. The room illumination was set below 5 lux for realistic nighttime conditions.

4.3. Experimental Protocol and Data Collection

Each participant completed a total of 30 scripted trials, comprising 15 simulated falls
(covering forward, backward, and lateral directions) and 15 segments of routine nocturnal
activities, including lying down, rolling over in bed, sitting up, standing from a lying position,
and walking within the experimental environment. Each trial lasted approximately two
minutes, yielding a total of roughly one hour of data per subject. For the entire cohort of
16 participants, this resulted in 16 h of multimodal recordings. To ensure ecological validity
and preserve natural behavior, participants were instructed to execute each scenario with
realistic motion patterns, without rigid constraints or robotic repetitions.
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As mentioned in Section 3.2, the recorded inertial signals were segmented using a
sliding window approach, with 60 samples per window corresponding to approximately
1.2 s, and 50% overlap between consecutive windows to preserve temporal continuity. The
concomitant video recordings were divided into sequences of 30 consecutive frames per
segment (corresponding to ~1 s at 30 fps), providing temporally aligned visual input for
the vision-based model components.

Leave-One-Subject-Out (LOSO) cross-validation is employed to evaluate the model’s
performance and to ensure robustness against inter-individual variability and to assess
generalization to unseen subjects under realistic conditions.

4.4. Signal Processing and Feature Extraction

The raw IMU data underwent the following preprocessing steps:

• Z-score normalization to remove static offsets and standardize amplitude distributions
across subjects.

• Filtering using a 4th-order Butterworth zero-phase digital filter with a band-pass
frequency range from 0.2 Hz to 20 Hz, effectively eliminating low-frequency drift and
high-frequency noise.

The resulting sequences were used as input for the IMU model in Section 3.2.
As already mentioned, the video frames were processed with MediaPipe BlazePose [38],

providing real-time extraction of 33 anatomical landmarks with normalized coordinates
(x, y), alongside visibility confidence scores ranging from 0 to 1. Landmarks with confi-
dence below a threshold of 0.5 were discarded, ensuring robustness against occlusions and
low illumination.

The landmarks’ bounding box was computed frame-by-frame to derive posture fea-
tures as detailed in Section 3.1.

4.5. Deep Learning Models

The model’s architecture is described in Section 3.2 and training it was conducted on
non-fall sequences, using mean squared error (MSE) loss and the Adam optimizer [39]
(learning rate: 0.001, batch size: 32, 50 epochs, early stopping after 10 stagnant epochs).

The model’s architecture and temporal voting are described in Section 3.1. Training
was supervised with manually annotated data, using cross-entropy loss optimized by
Adam (learning rate 1 × 10−4, cosine annealing, batch size 64, 40 epochs, early stopping
after 5 epochs without improvement).

4.6. Late Fusion Algorithm

The decision-level fusion rule (score computation, thresholds, and temporal vote)
is formally defined in Section 3.3 and detailed in Supplementary Algorithm S3. For all
experiments, a fixed threshold α = 0.70 was used for both modalities, and a 1− s temporal
vote was applied on the vision stream.

4.7. Evaluation Metrics

To thoroughly evaluate the system’s performance, standard metrics were used to
provide a comprehensive insight into both positive event detection capability and false
alarm suppression. They included the following:

Accuracy =
TP + TN

TP + TN + FP + FN

Precision =
TP

TP + FP
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Recall(Sensitivity) =
TP

TP + FN

Specificity =
TN

TN + FP

F1-Score = 2× Precision× Recall
Precision + Recall

4.8. Statistical Analysis

Comparative analyses between the proposed bimodal decision-level fusion model
and the two single-modality baselines (IMU-only and vision-only) were conducted using
paired-sample t-tests. A significance threshold of p < 0.05 was adopted to determine
statistical relevance. Additionally, 95% confidence intervals were computed for the key
performance metrics, precision, recall, and F1-score, to assess the statistical reliability and
variability of the results across participants.

4.9. Computational Environment

All the deep learning models were implemented using PyTorch (v2.2.0; Meta Platforms
Inc., Menlo Park, CA, USA). The experimental evaluations were conducted on a workstation
equipped with an Intel Core i5-8265U processor (4 cores/8 threads, base 1.60 GHz, turbo
up to 3.90 GHz), 8 GB of RAM, and no GPU to reflect deployment in relative resource-
limited environments, hence providing an estimation of system performance for real-time
applications in embedded or edge-based healthcare scenarios.

4.10. Sample-Size Adequacy via a Subject-Wise Learning Curve

To justify the cohort size, we computed a subject-wise learning curve under the LOSO
protocol for sizes m ∈ {2, 4, 6, 8, 10, 12, 14, 16}, with the models trained on randomly
selected sets of m − 1 training subjects and evaluated on the held-out subject, and the
F1-scores averaged over all LOSO folds. Each m was repeated 10 times with different
random draws, and we report the mean with 95% confidence intervals (Student’s t). We
define saturation as a marginal gain <0.5 percentage points when increasing from m = 12
to m = 16. Then, the obtained leaning curve allows us to assess each cohort’s adequacy for
training the system.

5. Results

The proposed IMU-RGB system was benchmarked against IMU-only and vision-
only baselines under LOSO validation. The fusion model achieved 97.2% accuracy, 96.9%
precision, 97.8% recall, 97.3% F1, 0.989 ± 0.012 AUC, and 3.6% FPR, with ≈50 ms per frame
latency (~20 fps). Few-shot personalization recovered ≥95% of baseline performance with
K = 5 labeled sequences. The detailed results are shown in Figures 4–6 and Table 1. Latency
and few-shot results are provided in Supplementary Materials.

Table 1. Mean performance (±95% confidence intervals) under LOSO validation (N = 16). The metrics
are computed per fold before averaging, with the best values shown in bold. Paired two-sided t-tests
(Bimodal vs. IMU-only and Bimodal vs. Vision-only) are significant for all metrics (p < 0.001).

Method Accuracy (%) Precision (%) Recall (%) Specificity (%) F1-Score (%) FPR (%) 1

IMU-only
(LSTM) 90.3 ± 1.1% 89.6 ± 1.2% 91.7 ± 1.0% 88.7 ± 1.4% 90.6 ± 1.1% 11.3 ± 1.4%

Vision-only
(Transformer) 92.9 ± 0.9% 92.2 ± 1.0% 94.0 ± 0.8% 91.1 ± 1.1% 93.1 ± 0.9% 8.9 ± 1.2%

Bimodal Late
Fusion 97.2 ± 0.6% 96.9 ± 0.6% 97.8 ± 0.5% 96.6 ± 0.7% 97.3 ± 0.6% 3.6 ± 0.6%

1 FPR = False Positive Rate.
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Figure 4. The red dashed line shows the estimated saturation level of the learning curve; error bars
denote 95% confidence intervals. The shaded region (n ≥ 12) marks the plateau.

Figure 5. ROC Curves for the IMU-only LSTM auto-encoder, the vision-only Transformer, and the
proposed bimodal late-fusion detector after 16 LOSO folds. The corresponding AUC means confirm
the superior sensitivity–specificity trade-off of the fusion approach.

Figure 6. Typical confusion matrix over one LOSO fold (N = 16) for FALL versus NORMAL detections.
Compared to the IMU baseline, the bimodal model reduces the false positive rate by 67% and the
false negative rate by 75%, and compared to the vision baseline, those reductions are 57% and
63%, respectively.

5.1. Learning-Curve Analysis and Cohort Adequacy

Following the procedure in Section 4.10, the subject-wise learning curve in Figure 4
shows steep gains up to N = 10–12 participants before reaching a plateau at F1 = 96–97%.
The red dashed line in Figure 4 marks the estimated asymptotic performance level â, ob-
tained by fitting a saturating exponential F1(n) = a− b e−cn to the LOSO points (n = 2. . .16).
The fitted asymptote is â = 96.7% (95% CI: 96.2–97.2%), and this result supports our choice
of N = 16 for the present study, since the corresponding performance score of 97% is
consistent with this which is consistent with the obtained plateau, providing enough head-
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room beyond the performance knee while keeping the study practical by avoiding further
participant recruitment.

5.2. Global Performance Comparison

To establish a quantitative baseline, the proposed bimodal late-fusion model was
systematically benchmarked against two unimodal configurations: (i) an IMU-only abnor-
mality detector based on an LSTM autoencoder, and (ii) a vision-only classifier based on
a Transformer architecture. All models were evaluated under identical conditions using
LOSO cross-validation. Table 1 presents the average performance metrics computed across
the 16 LOSO folds, where each subject served once as the held-out test case. For each
metric, the reported values correspond to the mean and 95% confidence interval. The
bimodal architecture consistently outperformed both unimodal baselines on all metrics,
achieving an accuracy of 97.2%, precision of 96.9%, recall of 97.8%, specificity of 96.6%,
and an F1-score of 97.3%. These gains were statistically significant (p < 0.001, paired t-test),
demonstrating the synergistic effect of integrating inertial and visual modalities.

5.3. Receiver-Operating Characteristics, Error Structure, and False-Alarm Control

The discriminative capacity of the proposed system was assessed along three com-
plementary dimensions: global ROC-based performance, class-specific error structure,
and false-alarm suppression. These axes jointly characterize the model’s reliability un-
der real-world deployment conditions. Figure 5 shows the obtained Receiver Operating
Characteristic (ROC) curves computed across all LOSO validation folds. The proposed
bimodal late-fusion system achieved an area under the curve (AUC) of 0.989 ± 0.012,
markedly surpassing the vision-only Transformer (0.962 ± 0.015) and the IMU-only LSTM
autoencoder (0.931 ± 0.018). These values confirm a superior trade-off between sensitivity
and specificity for the bimodal system.

Confusion matrices were built to visualize the classification performance of the pro-
posed late fusion bimodal model and two single-modal models used for comparison;
Figure 6 shows an example from a single LOSO fold, leading to two key observations. First,
the bimodal false positive rate is 67% lower than the IMU baseline and 57% lower than the
vision baseline. Second, the false negative rate is concomitantly reduced by 75% and 63%,
respectively. Using micro-averaging across all folds shows the global false-positive rate
dropping from 11.3% (IMU) and 8.9% (vision) to only 3.6% under the proposed late fusion
architecture. Such suppression of unnecessary alarms is critical for long-term, unobtrusive
monitoring in domestic environments, where false alerts can undermine user confidence
and compliance.

5.4. Computational Performance

A detailed latency decomposition is provided in the Supplementary Materials, includ-
ing Table S1 and Figure S1.

5.5. Few-Shot Personalization Analysis

The subject-specific adaptation results are presented in Supplementary Materials
(Figure S2), showing that ≥95% of baseline performance is recovered with only five
labeled sequences.

6. Discussion

Under LOSO cross-validation with N = 16, the proposed CPU-only bimodal late-
fusion framework achieved 97.2% accuracy, 97.8% recall, F1 = 97.3%, and FPR = 3.6%, while
sustaining ≈20 fps (≈50 ms per frame). Requiring agreement between modalities consis-
tently reduced false alarms relative to unimodal baselines without sacrificing sensitivity—
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essential for long-term acceptability in home monitoring. The learning-curve analysis
(Section 5.1) shows performance gains saturate at F1 ≈ 96–97% beyond ≈12 subjects, sup-
porting the adequacy of N = 16 for this pilot. Latency is dominated by pose-landmark
extraction; Transformer/LSTM inference overheads are small and decision-level fusion is
negligible, confirming feasibility for edge deployment under nocturnal conditions.

6.1. Benefits of Decision-Level Fusion over Unimodal and Early-Fusion Approaches

The IMU stream (LSTM autoencoder) is sensitive to sharp accelerometric impulses but
can misclassify abrupt yet benign transitions (e.g., rapid sitting), whereas the vision stream
(Transformer over 2D landmarks) captures postural context but degrades under occlusion
and low light. Processing streams independently and fusing at the decision stage prevents
the noise propagation typical of early fusion, reducing FPR from 11.3% (IMU-only) and
8.9% (vision only) to 3.6% while maintaining high recall (97.8%) and AUC = 0.989 ± 0.012
(Section 5.2). Under dim lighting, Li et al. [5] report 90.2% accuracy with a 12% FPR, while
Feng et al. [34] achieve <2% FPR in controlled labs using depth cameras; our approach
attains 97.2% accuracy with a 3.6% FPR in realistic nocturnal scenes using commodity
RGB+IMU, narrowing the gap without specialized hardware.

6.2. Real-Time Execution and Latency Profile

On a modest CPU platform such as one using the Intel Core i5-8265U, the end-to-end
inference time is ≈50.0 ± 4.7 ms per frame. The pose-landmark extraction accounts for
≈62% of the runtime, while the Transformer and LSTM inferences are minor contributors,
and the late fusion process adds a negligible cost. If additional speed is required, opti-
mization should prioritize the landmark extraction (input down-sampling, quantization, or
lighter keypoint backbones) rather than the fusion rule. On another front, and compared
with IR/depth solutions, the commodity RGB hardware typically reduces device cost by
≈5–10× and avoids multi-sensor calibration, while our pipeline sustains AUC = 0.989
below 5 lux illumination.

6.3. Few-Shot Learning Capabilities and Personalization

In practical deployments, all the operating points are data-driven rather than hand-
tuned. The IMU abnormality gate τ is initialized as the 95th percentile of training recon-
struction errors, while the vision decision threshold and the fusion gate (both 0.70) are
selected via ROC analysis on validation folds. At installation, an automatic calibration
routine (i) records a brief baseline of normal activity (5–10 min) to update τ for the device,
and (ii) optionally performs few-shot personalization (≤5 short labeled sequences) to adapt
the final fusion layer to the user and site. This procedure removes per-dataset manual
tuning and yields stable operating points across environments.

6.4. Communication and Alerting Pipeline (Deployment Guidance)

For real-world deployment, a reliable communication layer is required to comple-
ment the proposed on-device fall detection framework. To this end, we specify a minimal,
standards-based pipeline designed for home-care integration. In this architecture, the fall
detection remains fully processed locally on the device to ensure privacy, and only the
event metadata is transmitted externally, with the detections conveyed as authenticated
MQTT/HTTPS messages including timestamp, confidence, and modality flags. The com-
munication stack supports acknowledgment, retry with local buffering during temporary
outages, and configurable escalation channels (e.g., SMS or automated voice calls) for high-
confidence events. End-to-end alert latency is targeted at below 2 s, which is consistent with
healthcare monitoring requirements. To guarantee auditability and maintain IMU–camera
alignment, network time synchronization (e.g., NTP) is enforced.
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This communication layer thus represents a practical requirement for deployment,
allowing the seamless integration into assisted-living infrastructures and providing a
foundation for future large-scale validation studies.

6.5. Population Considerations: Elderly Biomechanics

Elderly falls often exhibit lower peak accelerations, slower descent or seated-collapse
patterns, and kyphotic posture. These traits can damp IMU impulses and shift pose
dynamics. Accordingly, the system: (a) lengthens the temporal vote when slow descent
is detected, (b) slightly relaxes the IMU abnormality gate under sustained low-energy
deviations, and (c) prioritizes few-shot personalization to capture user-specific kinematics.
A follow-up study with older adults will quantify these adaptations.

6.6. Deployment Outlook and Cost-Efficient Scalability

The data processing is performed on a device with a default skeleton-only retention
policy (2D keypoints) with zero storage of RGB frames. If the frames must be retained
(e.g., for audit), face/body blurring, encryption in transit and at rest, role-based access, and
short retention with explicit consent must be applied. Moreover, the camera placement
uses oblique viewpoints to reduce identifiability. In any case, the privacy settings can be
configurable for consistency with application site policy.

6.7. Limitations and Future Work

This study involved healthy adults (30–50 s) and simulated falls under controlled
nocturnal conditions with a single lateral RGB camera and waist IMU. Real-world clutter,
multi-person scenes, and true elderly falls may introduce additional variance. Future work
will expand to older cohorts and longitudinal deployments, explore on-device adaptive
thresholds, evaluate 3D/IR variants where lighting permits, and integrate ambient sensors
(e.g., pressure mats) for further false-alarm suppression.

7. Conclusions

The proposed decision-level IMU-RGB framework achieves 97.2% accuracy, 97.8%
recall, and a 3.6% false-positive rate at ~20 fps on CPU-only hardware, indicating practical
readiness for nighttime home monitoring. Automatic calibration and few-shot personaliza-
tion remove manual tuning and adapt to user variability, supporting real-world deployment
with on-device processing and configurable privacy safeguards.
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Abstract

Prolonged sedentary behavior in office environments is a key risk factor for musculoskele-
tal disorders and metabolic health issues. While workplace stretching interventions can
mitigate these risks, effective monitoring solutions are often limited by privacy concerns
and constrained sensor placement. This study proposes a ceiling-mounted ultra-wideband
(UWB) radar system for privacy-preserving classification of working and stretching pos-
tures in office settings. In this study, data were collected from ten participants in five
scenarios: four posture classes (seated working, seated stretching, standing working, stand-
ing stretching), and empty environment. Distance and Doppler information extracted
from the UWB radar signals was transformed into modality-specific images, which were
then used as inputs to two classification models: ConcatFusion, a baseline model that fuses
features by concatenation, and AttnFusion, which introduces spatial attention and con-
volutional feature integration. Both models were evaluated using leave-one-subject-out
cross-validation. The AttnFusion model outperformed ConcatFusion, achieving a testing
accuracy of 90.6% and a macro F1-score of 90.5%. These findings demonstrate the effec-
tiveness of a ceiling-mounted UWB radar combined with attention-based modality fusion
for unobtrusive office posture monitoring. The approach offers a privacy-preserving so-
lution with potential applications in real-time ergonomic assessment and integration into
workplace health and safety programs.

Keywords: ultra-wideband radar; human activity recognition; signal processing; machine
learning; multimodal fusion; office ergonomics

1. Introduction

Prolonged sedentary behavior, a defining characteristic of modern office work, has
been consistently linked to a range of adverse health outcomes, including musculoskeletal
disorders, metabolic dysfunction, and premature mortality. Office workers typically spend
approximately 65–75% of their working hours seated, often maintaining prolonged static
postures that contribute to discomfort and chronic musculoskeletal pain, particularly in
the neck, shoulders, and lower back [1]. In response, incorporating stretching and light
activity into the workday has been shown to alleviate musculoskeletal discomfort and
improve overall worker well-being. Structured workplace programs that incorporate
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reminder-based interventions have been particularly effective in promoting compliance
with recommended stretching and movement routines. For instance, reminder software
has been shown to increase the frequency of stretch breaks, reduce perceived pain, and
improve compliance with ergonomic health practices among computer users [2,3]. More-
over, randomized controlled studies and longitudinal workplace implementations have
demonstrated that regular stretching sessions, guided by reminder software, structured
group breaks, or device-assisted programs, can lead to a decrease in the prevalence of
musculoskeletal disorders, particularly in the neck, shoulders, and lower back [4,5].

Recent advancements in sensing technologies have enabled a variety of systems
designed to recognize sitting posture and promote office stretching, helping to mitigate
risks associated with sedentary work styles. Camera-based solutions have been widely
explored for workplace posture and stretch detection. Adolf et al. developed a system
that utilizes a single RGB webcam and real-time pose estimation to evaluate stretching
performance and provide augmented mirror feedback [6]. Similarly, Paliyawan et al.
employed an RGB-D camera system to monitor skeletal posture and identify periods of
prolonged sitting. This system classified motion states and offered real-time ergonomic
feedback, demonstrating the feasibility of camera-based tracking for sedentary behavior
monitoring [7]. In addition to camera-based methods, researchers have also investigated
non-visual sensing approaches for posture monitoring in office environments. For example,
Tavares et al. and Odesola et al. developed instrumented office chairs equipped with
pressure mats or optical fiber arrays capable of detecting pressure distribution patterns
and classifying seated postures [8,9]. Zhang et al. proposed a multimodal approach
combining pressure and infrared sensors to enhance posture recognition while maintaining
user privacy [10]. In a follow-up study, Zhang et al. integrated pressure and spatial
temperature data to further improve classification performance [11]. While these methods
provide effective posture recognition, they are subject to several limitations. Camera-based
systems raise privacy concerns, are susceptible to occlusion in cluttered workspaces, and
often require careful sensor placement and lighting conditions. Smart chair systems, while
unobtrusive, are restricted to seated postures and cannot effectively capture dynamic
stretch-related movements such as arm raises or standing stretches. Furthermore, the
multimodal systems, particularly those with sensors mounted vertically on desks or walls,
are limited in their ability to capture transitional or full-body stretching due to restricted
fields of view and potential occlusion by furniture [9,12].

To address these limitations, we propose a ceiling-mounted ultra-wideband (UWB)
radar system for office stretch detection that balances unobtrusiveness, privacy preserva-
tion, and robust posture monitoring. UWB radar is a low-power, high-resolution sensing
technology that operates by emitting short-duration electromagnetic pulses and analyzing
their reflections to detect the motion and position of objects in the environment. While
existing UWB radar studies have primarily focused on applications such as sleep pos-
ture monitoring, fall detection, and human pose estimation, their findings demonstrate
the potential of UWB radar for sensing posture-related activities. For instance, Lai et al.
demonstrated that a dual UWB radar configuration can accurately classify sleep postures,
showing the technology’s ability to detect subtle body movements from above, even un-
der occlusion and varying environmental conditions [13]. Similarly, Lu et al. employed a
ceiling-mounted UWB radar to detect falls in cluttered indoor environments, achieving high
classification accuracy through convolutional neural networks trained on distance-time
waveform images, suggesting that ceiling-mounted radars can effectively capture complex
full-body transitions [14]. Zhou et al. further extended the capabilities of UWB radar
by demonstrating micro-Doppler-based human pose estimation, capturing limb-specific
kinematic signatures without requiring direct line-of-sight [15]. Collectively, these studies
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demonstrate the capacity of UWB radar systems to unobtrusively monitor diverse postural
behaviors, suggesting their suitability for detecting workplace stretching activities from an
overhead perspective. Building on this foundation, our work introduces a ceiling-mounted
UWB radar system specifically designed to classify both working and stretching activities in
office environments. By leveraging both distance and Doppler signal information captured
from an overhead perspective, our system differentiates five workplace scenarios: seated
working, seated stretching, standing working, standing stretching, and empty environment.

The main contributions of this study are as follows:

• This study introduces a ceiling-mounted UWB radar configuration tailored for office
environments. Unlike prior systems for office posture detection using desk-mounted
devices [7,10–12] or chair sensors [8–12], this overhead setup offers a wide field of view
and reduces potential occlusion, enabling robust monitoring of workspace postures.

• The proposed system is specifically designed to detect working and stretching postures
in both seated and standing positions. By capturing these real-world office behaviors,
the system enables practical monitoring to support ergonomic interventions.

• The classification model utilizes distance and Doppler information from radar signals
and achieved a testing accuracy of 90.6% with leave-one-subject-out cross-validation.

2. Materials and Methods

2.1. Radar Configurations

The UWB radar used in this study is a compact monostatic UWB radar module (P440,
TDSR LLC., Petersburg, VA, USA) that includes a programmable radar unit and two
planar elliptical dipole antennas. Detailed specifications for the radar and antennas are
provided in Tables 1 and 2. Operating as a monostatic radar, a short-duration, low-power
electromagnetic pulse is emitted by the transmitting antenna, and the receiving antenna
captures the reflected signals from objects in the environment. Operating in a monostatic
setup, the radar system emits short-duration, low-power electromagnetic pulses via the
transmitting antenna. The receiving antenna, co-located with the transmitter, captures
the reflected signals from objects within the environment. The time-domain response of
these reflections, with amplitude recorded as a function of propagation delay, forms a
single radar frame. Each frame may include components from cross-antenna interference
as well as reflections from targets located at varying distances. A typical signal frame
is shown in Figure 1a. The temporal axis of a single frame, referred to as fast time, is
measured in nanoseconds and corresponds to the propagation delay of the transmitted
pulse, which directly relates to the distance of objects from the radar. The radar system
captures one frame every 12 ms, corresponding to a frame rate of approximately 83.3 Hz.
When multiple frames are acquired sequentially and aligned over time, they form a two-
dimensional matrix in which the second axis, referred to as slow time, captures changes
over longer durations, typically on the order of seconds. Figure 1b illustrates an example of
consecutive frames acquired over a 4.8 s interval in slow time, with each frame capturing
distance-related information in fast time.

Table 1. Radar specifications.

Parameter Value

Operating band 3.1–4.8 GHz
Pulse repetition rate 10 MHz
Transmission power ~50 μW

Transfer switch isolation ~20 dB
Receive noise fatigue ~4.8 Hz
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Table 2. Antenna specifications.

Parameter Value

Polarization Vertical
VSWR ~1.75:1

S11 ~12 dB
Gain ~3 dBi

Phase response Linear

(a) (b)

Figure 1. Examples of UWB radar signals: (a) a single radar frame illustrating cross-antenna interfer-
ence and multiple reflected returns from surrounding objects; (b) consecutive radar frames collected
over a 4.8 s interval. Each frame captures the reflected signal in fast time, and the frames are stacked
along the slow time axis to show a longer duration.

For posture monitoring, the radar was mounted on the ceiling directly above the office
worker’s desk, with its antennas oriented downward to capture movement and posture
within the workspace, as shown in Figure 2. The room measured 5.0 m× 5.0 m× 2.6 m
(length, width, height), with the desk positioned at the center of the room. The desk height
was set to 0.75 m for the sitting configuration and 1.0 m for the standing configuration. The
office chair had a seat height of 0.5 m. It should be noted that the scan duration for a single
frame was configured to allow a maximum path distance of 6 m (i.e., 3 m in one direction),
exceeding the distance from the radar to the participant and desk setup. A laptop was
connected to two monitors placed on the desk, along with a keyboard and a mouse, to
simulate a typical office workstation. The radar was connected to a computer running a
custom software tool designed for data acquisition.

Figure 2. Setup of the ceiling-mounted UWB radar positioned above a standard office worksta-
tion. The radar is oriented downward to capture movement and posture within the workspace,
accommodating both seated and standing desk configurations.
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2.2. Data Collection

Posture detection using UWB radar in an office environment was formulated as a five-
class classification task, using the following categories: seated working, seated stretching,
standing working, standing stretching, and empty environment (i.e., when no person is
present in the monitored area). These classes were selected to capture typical workplace
behaviors relevant to sedentary risk assessment and ergonomic intervention [1,16].

To collect training and evaluation data for the posture classification model, a data
collection trial was conducted with approval (2023_007_R) from the Health and Medi-
cal Human Research Ethics Committee of Commonwealth Scientific and Industrial Re-
search Organisation (CSIRO). Ten adult participants (5 males and 5 females; average
age 26.5± 7.1 years) were recruited to complete a protocol simulating office work and
stretching activities. Eligibility criteria included being at least 18 years of age, able to
read and speak English, and physically capable of performing light stretching and stand-
ing tasks. Individuals with pre-existing injuries or mobility restrictions were excluded
from participation.

During each trial, the radar system was connected to a computer for data acquisition.
A custom graphical user interface (GUI) guided participants through four posture tasks,
each lasting 3 min: seated working, seated stretching, standing working, and standing
stretching (Figure 3). The working tasks involved typical computer-based interactions
such as typing and mouse clicking. The stretching routines were adapted from WorkSafe
Victoria’s ergonomic exercise guidelines, which recommend short, simple movements that
can be performed without special equipment in typical office settings (e.g., shoulder rolls,
pectoral stretch, and head turns) [17]. These guidelines are widely used in workplace
health programs in Australia and emphasize stretches targeting the neck, shoulder, and
arm areas most affected by prolonged seated or standing computer work. Illustrations of
the stretching postures are provided in the Appendix A (Figure A1). Following the seated
tasks, the desk was reconfigured to a standing desk to facilitate the standing activities. In
addition to the four participant tasks, separate recordings were made under the “empty”
condition to represent unoccupied workspace scenarios. An overview of the data collection
protocol is summarized in Table 3. In total, the dataset comprised 120 min of posture data,
including 12 min per participant across four postures, and 30 min of radar data under
empty condition (Figure 4).

Figure 3. GUI used during data collection. The interface guided participants through a sequence of
four posture tasks: seated working, seated stretching, standing working, and standing stretching,
with each task lasting three minutes.
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Table 3. Protocol for the data collection trial.

Class Description

Seated working Typing, mouse clicking, and reading while seated
Seated stretching Stretching exercises while seated
Standing working Typing, mouse clicking, and reading while standing
Standing stretching Stretching exercises while standing
Empty No person present in the workspace

Figure 4. Overview of the data collection process. Ten participants (N = 10) were guided by a custom
GUI to perform each posture class for 3 min. Additionally, 30 min of data were recorded under the
“empty” condition, representing an unoccupied workspace.

2.3. Signal Processing

In order to characterize occupancy states and human postures, the collected radar data
were processed to generate distance and Doppler images. The distance image captures
the changes in spatial reflections over time, providing information about the relative
position and movement of objects in the monitored area. The Doppler image captures
velocity-related information by representing frequency shifts over time, reflecting the
motion dynamics of observed objects.

2.3.1. Distance Image

As the first step in distance image processing, the original radar frames were aug-
mented by sub-sampling to produce four sub-sequences of the data. Specifically, the
sub-sampling was performed with a stride of four, starting from different initial frames.
Let X = {x0, x1, x2, . . . , xN−1} denote the original radar frames collected at a frame period
of 12 ms. The four sub-sequences were generated by:

X(o) = {xo+4k | k = 0, 1, 2, . . .}, o ∈ {0, 1, 2, 3} (1)

Each X(o) represents a temporally shifted version of the data with an effective frame
period of 48 ms. This processing generates four sub-sequences from the same recording
window. For example, the 12 min of posture data recorded per participant were sub-
sampled into four temporally shifted 12 min sequences, effectively augmenting the data by
four times. A distance image was constructed using 4.8 s segments from the sub-sequence,
corresponding to 100 frames per image. These segments were extracted using a sliding
window with 75% overlap between consecutive windows. To construct a distance image
from each 4.8 s segment, every frame within the segment was first band-pass filtered along
the fast time axis using a predefined infinite impulse response (IIR) filter, attenuating
low-frequency background signals and high-frequency noise. The filtered signal was then
processed along the slow time axis using a high-pass finite impulse response (FIR) filter,
isolating areas of dynamic activity (e.g., motion due to posture changes). The resulting
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signal comprises 96 frames, as the first few frames were removed to eliminate edge effects
from the FIR filtering. To enhance the signal’s magnitude and emphasize motion-related
features, an absolute value transformation was applied, followed by a low-pass IIR filter to
extract the motion-related signal envelope over time. Finally, residual low-level noise was
attenuated using a non-linear amplitude squashing function resembling a sigmoid function:

x0 =
x

1 + 1.05−x+30 (2)

This series of operations produced distance images that represent changes in range
intensity over time, capturing body movements relative to the radar. Each image has a
final resolution of 96× 288, corresponding to the number of retained slow-time frames and
fast-time bins after filtering. The complete distance image generation pipeline is shown
in Figure 5. In total, 26,000 distance images were extracted from the original radar data,
comprising 5200 images per class across the four postures and the empty scenario.

Figure 5. Step-by-step illustration of the distance image generation.

2.3.2. Doppler Image

Doppler images were generated by first applying a short-time Fourier transform
(STFT) to the full duration of each original radar recording, for example, the 12 min
posture data from each participant. The STFT was computed using a 996 ms window,
corresponding to 83 frames sampled at a 12 ms frame period. Within the STFT window,
each frame was processed with a Hilbert transform along the fast time axis, and a Kaiser
window (β = 6) was applied along the slow time axis. The STFT was then performed
along the slow time axis, and the mean across the fast time axis was used to compute
each row of the Doppler image. To improve temporal resolution, an overlap with a 9-
frame increment (approximately 90% overlap) was applied between consecutive windows,
effectively sliding the STFT window across the entire recording. The resulting Doppler
representation shows the relative velocities of objects moving toward or away from the
radar over the full recording duration. Finally, Doppler images were extracted as 4.8 s
segments from the full Doppler representation using time windows matching those used
for distance image construction. The resulting Doppler images have a resolution of 50× 80,
representing the number of time frames and Doppler frequency bins extracted from the
STFT. The Doppler image generation pipeline is illustrated Figure 6.
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Figure 6. Step-by-step illustration of the Doppler image generation.

2.3.3. Normalization

Both the distance and Doppler images were normalized to the range 0–255 and saved
as 8-bit single-channel images. These normalized images were then used as input to the
classification models to distinguish between different postures and the empty environment.

2.4. Classification Models

The classification task aims to predict the class label based on dual-modality radar
inputs: a distance image and a Doppler image. Each sample is represented as X =

(Xd, Xv), where Xd ∈ R1×96×288 is the single-channel distance image and Xv ∈ R1×50×80

is the corresponding Doppler image. The associated label y ∈ Y denotes one of five
classes: seated working, seated stretching, standing working, standing stretching, or empty
environment. The training objective is to learn a function f : X = (Xd, Xv) → y that
maps each sample X to its corresponding class label y. Two deep learning models were
developed for this classification task. Both models adopt a dual-stream convolutional neural
network (CNN) architecture, in which modality-specific features are extracted from Doppler
and distance representations using separate CNN blocks. The first model, ConcatFusion,
implements a feature-level fusion approach in which modality-specific representations
are concatenated prior to classification. The second model, AttnFusion, enhances this
design by introducing spatial attention modules to emphasize informative regions in each
modality and a deeper fusion block that integrates the refined features before classification.
These models were implemented using Python 3.10.7 and PyTorch Lightning 2.5.1. Model
performance was evaluated using leave-one-subject-out cross-validation (LOSO-CV), with
accuracy, F1-score, precision, and recall as performance metrics.

2.4.1. ConcatFusion

The ConcatFusion model adopts a dual-stream CNN architecture that processes
Doppler and distance images independently before fusing the learned features for classi-
fication. The architecture of the model is shown in Figure 7. The input images Xd, Xv are
passed through modality-specific CNN blocks:

Fd = fd(Xd), Fv = fv(Xv) (3)

where fd(·) and fv(·) are modality-specific CNN blocks, producing intermediate feature
maps, Fd ∈ R128×12×36 and Fv ∈ R128×12×20. The Doppler CNN block uses a shallower
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architecture than the distance CNN block to account for the smaller input size of Doppler
images. Each intermediate feature map is then passed through a global average pooling
layer to generate global representations Gd, Gv ∈ R128×1×1. These are flattened to form
the modality-specific embeddings zd, zv ∈ R128, which are then concatenated to produce a
joint feature vector:

z = [zd; zv] ∈ R
256 (4)

The fused vector z is passed through a multilayer perceptron (MLP) classifier to produce
the final classification result over the five predefined classes.

CNN Block -
Distance

CNN Block -
Doppler

MLP

C
on

v 
(1

6,
 3

3)
B

N
 R

eL
U

M
ax

 P
oo

l (
2)

C
on

v 
(3

2,
 3

3)
B

N
 R

eL
U

M
ax

 P
oo

l (
2)

C
on

v 
(6

4,
 3

3)
B

N
 R

eL
U

M
ax

 P
oo

l (
2)

C
on

v 
(1

28
, 3

3)

C
on

v 
(1

6,
 3

3)
B

N
 R

eL
U

M
ax

 P
oo

l (
2)

C
on

v 
(3

2,
 3

3)
B

N
 R

eL
U

M
ax

 P
oo

l (
2)

C
on

v 
(6

4,
 3

3)
B

N
 R

eL
U

C
on

v 
(1

28
, 3

3)

In
pu

t
(1

, 9
6,

 2
88

)
In

pu
t

(1
, 5

0,
 8

0)

O
ut

pu
t

(1
28

, 1
2,

 3
6)

O
ut

pu
t

(1
28

, 1
2,

 2
0)

256 128 16 5
ReLU, Dropout 0.2

CNN Block - Distance

CNN Block - Doppler

Global Avg
Pool

Global Avg
Pool

Distance
Image

Doppler
Image

Figure 7. Architecture of the ConcatFusion model.

2.4.2. AttnFusion

The AttnFusion model extends the ConcatFusion architecture by incorporating spatial
attention modules and a convolutional fusion block to enhance multimodal feature integra-
tion. The architecture of the model is shown in Figure 8. The distance and Doppler images
are first passed through the same modality-specific CNN blocks as those used in the Concat-
Fusion model (Equation (3)). The outputs of the CNN blocks, Fd, Fv, are passed through an
adaptive average pooling layer to produce fixed-size feature maps F

pool
d , F

pool
v ∈ R128×4×10.

These pooled maps are then refined by a spatial attention module that creates a spatial
attention mask that highlights informative regions by weighting spatial locations based on
channel-wise statistics [18]. Specifically, the module first applies average and max pooling
across the channel dimension, concatenates the results, and passes them through a shared
convolutional layer with a 3× 3 kernel and sigmoid activation. This convolutional layer
has 2 input channels, corresponding to the pooled average and max features, and produces
a single-channel attention maskMs(F) ∈ R1×4×10:
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Ms(F) = σ
(

f 3×3([AvgPool(F); MaxPool(F)])
)

= σ
(

f 3×3
(
[F

avg
s ; Fmax

s ]
))

, F ∈ {F
pool
d , F

pool
v }

(5)

Then, F
pool
d and F

pool
v are multiplied element-wise with their corresponding attention

mask across all channels to produce the attention-refined output, Fattn
d , Fattn

v ∈ R128×4×10,
respectively. The attention-refined distance and Doppler features are concatenated along
the channel dimension to form a fused representation:

Ffused = [Fattn
d ; Fattn

v ] ∈ R
256×4×10 (6)

This fused representation is processed by a convolutional fusion block, followed by
global average pooling to generate a global presentation Gfused ∈ R512×1×1. The output
is then flattened to form a feature vector z ∈ R512, which is passed through an MLP to
produce the final classification result over the five predefined classes.

CNN Block -
Distance

CNN Block -
Doppler

Distance
Image

Doppler
Image

Spatial
Attention

Spatial
Attention

Conv
Fusion

Global
Avg Pool

MLP

512 256 32 5.
ReLU, Dropout 0.2

C
on

v 
(2

56
, 3

3)
B

N
 R

eL
U

D
ro

po
ut

 (
0.

2)

C
on

v 
(5

12
, 3

3)
B

N
 R

eL
U

D
ro

po
ut

 (
0.

3)

In
pu

t
(2

56
, 4

, 1
0)

O
ut

pu
t

(5
12

, 4
, 1

0)

Convolutional FusionSpatial Attention

In
pu

t
(1

28
, 4

, 1
0) M

ax
P

oo
l

A
vg

P
oo

l

C
on

v 
(1

, 3
3)

O
ut

pu
t

(1
28

, 4
, 1

0)

Adaptive
Avg Pool

Adaptive
Avg Pool

Figure 8. Architecture of the AttnFusion.

2.4.3. Training and Evaluation

Model performance was evaluated using LOSO-CV across 10 folds. In each fold, data
from 10 participants were split into three groups: 8 for training, 1 for validation, and 1
for testing. This setup ensured that each participant was included once as the validation
subject and once as the test subject, allowing for balanced evaluation across individuals.
During each fold, the model was trained on the training subset, while the validation set
was used to monitor convergence and apply early stopping to prevent overfitting. The
model that achieved the highest validation accuracy was then evaluated on the held-out
test subset. This process was repeated 10 times, producing 10 sets of performance metrics
for each fold. The training hyperparameters are listed in the Appendix A (Table A1).

Performance metrics included accuracy, macro precision, macro recall, and macro
F1-score, computed on the test subset of each fold. Let TPk, FPk, and FNk denote the
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number of true positives, false positives, and false negatives for class k, respectively. Let K
be the number of classes and N the total number of test samples. The accuracy is defined as:

Accuracy =
1
N

K

∑
k=1

TPk (7)

Macro precision, recall, and F1-score were computed by first evaluating each class
independently and then averaging over the K = 5 classes. For class k, precision and recall
are defined as:

Precisionk =
TPk

TPk + FPk
, Recallk =

TPk
TPk + FNk

(8)

Macro precision, recall, and F1-score are then computed as:

Macro Precision =
1
K

K

∑
k=1

Precisionk, Macro Recall =
1
K

K

∑
k=1

Recallk (9)

Macro F1 =
1
K

K

∑
k=1

2 · Precisionk · Recallk
Precisionk + Recallk

(10)

To further assess the discriminative performance of the models for each class, aggregate
receiver operating characteristic (ROC) curves were generated by combining all test samples
from the 10 LOSO-CV folds. For each class, the ROC curve and corresponding area under
the curve (AUC) were computed based on the aggregated test results, providing a summary
of class-wise discriminative ability across all participants.

3. Results

This section presents the dataset details and overall model performance, including ac-
curacy, F1-score, precision, and recall. Further analyses include per-class metrics, confusion
matrices, ROC curves, and per-participant performance.

3.1. Dataset

A total of 26,000 samples were obtained from preprocessing the trial data, where each
sample is represented as a pair of distance and Doppler images X = (Xd, Xv), along with
a corresponding class label y. The dataset includes five categories: four postures (seated
working, seated stretching, standing working, and standing stretching) and one empty
condition, with 5200 samples per class. Each of the 10 participants contributed 520 samples
per class, resulting in 2600 samples per participant. In the LOSO-CV setup, each fold
uses 20,800 samples from 8 participants for training, 2600 samples from 1 participant for
validation, and 2600 samples from 1 participant for testing.

3.2. Overall Performance

Overall performance was evaluated by averaging the test results across 10 test folds,
with each fold corresponding to one participant held out for testing (Table 4). The Attn-
Fusion model outperformed ConcatFusion across all metrics, achieving a higher accuracy
(90.6 ± 4.2%) and F1-score (90.5 ± 4.3%). In comparison, ConcatFusion achieved an ac-
curacy of 85.5± 5.8% and an F1-score of 85.4± 6.0%, with a higher standard deviation
across participants.
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Table 4. Overall test performance of the proposed models. Values represent the mean ± standard
deviation across 10 test folds.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)

ConcatFusion 85.5± 5.8 87.0± 4.8 85.5± 5.8 85.4± 6.0
AttnFusion 90.6± 4.2 91.4± 3.7 90.6± 4.2 90.5± 4.3

3.3. Per-Class Performance

Confusion matrices were computed by aggregating the classification results across
all test folds in LOSO-CV, showing the true labels versus predicted labels for each class
(Figure 9). For the four posture classes, the AttnFusion model achieved higher diagonal
values, indicating improved sensitivity for each class compared to the ConcatFusion model.
Both models showed high sensitivity for the empty classes, with over 99% of empty samples
classified correctly. When classifying seated stretching, AttnFusion achieved an accuracy
of 86.8%, compared to 81.1% with ConcatFusion, reducing misclassification as standing
stretching and working classes. A similar trend was observed for standing stretching,
with AttnFusion achieving 86.3% correct classification versus 84.8% for ConcatFusion. Both
models showed some confusion between stretching and working postures within the same
desk configuration (seated or standing); however, this was less evident in the AttnFusion
model. For seated working, AttnFusion classified 93.3% of instances correctly, compared to
87.6% for ConcatFusion, and for standing working, AttnFusion reached 87.1%, a significant
improvement over ConcatFusion’s 74.5%. Off-diagonal values indicate that errors most often
involved confusion between stretching and working postures in the same physical position,
rather than between seated and standing. Overall, AttnFusion consistently improved
per-class classification performance, particularly for working classes.

Figure 9. Cumulative confusion matrices for the ConcatFusion (left) and AttnFusion (right) models.
The class labels are shown as: Emp (empty), Se-S (seated stretching), St-S (standing stretching), Se-W
(seated working), and St-W (standing working).

ROC curves were computed for each class by combining all test samples across the
10 LOSO-CV folds (Figure 10). Both models achieved high AUC values for the empty class
(AUC = 1.00). The AttnFusion model consistently outperformed ConcatFusion across the four
posture classes, most notably for standing working (AUC = 0.98 vs. 0.94). Collectively, these
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results demonstrate robust class-wise discriminative ability and the benefits of modality-
specific spatial attention and convolutional modality fusion in the AttnFusion model.

Figure 10. Aggregate ROC curves by class for the ConcatFusion (left) and AttnFusion (right) models.
The class labels are shown as: Emp (empty), Se-S (seated stretching), St-S (standing stretching), Se-W
(seated working), and St-W (standing working).

3.4. Per-Participant Performance

For each participant, accuracy and F1-score for both the ConcatFusion and AttnFusion
models are reported in Figure 11. The AttnFusion model outperformed ConcatFusion for
most participants. Notably, several participants (e.g., P2 and P3) showed larger gains with
the AttnFusion model. While some inter-participant variability was observed, the overall
trend indicates stable performance across individuals and consistent benefits from the
AttnFusion model.

Figure 11. Per-participant accuracy (top) and F1-score (bottom) for the ConcatFusion and AttnFusion
models. Each cluster of bars corresponds to one participant (P1–P10).

4. Discussion

This study demonstrates that a ceiling-mounted UWB radar system can differentiate
both working and stretching postures in an office environment by combining distance and
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Doppler information. The AttnFusion model demonstrated better overall performance,
achieving a testing accuracy of 90.6%± 4.2% and macro F1-score of 90.5%± 4.3%, compared
to 85.5%± 5.8% and 85.4%± 6.0% for ConcatFusion. The relatively lower standard deviation
observed with AttnFusion also indicates greater consistency across different participants. At
the class level, AttnFusion improved the classification of challenging postures, with seated
stretching increasing from 81.1% to 86.8% and standing working from 74.8% to 87.1%, while
maintaining high accuracy for other classes. When examined per participant, AttnFusion
delivered more stable performance, with reduced variability in all performance metrics
across all participants, highlighting its robustness to inter-individual differences. These
results suggest that combining spatial attention with convolutional feature integration in a
dual-modality framework can substantially improve the reliability of UWB radar-based
posture recognition in office environments.

Our findings align with and extend recent radar-based human posture recognition
research. Liu et al. achieved high accuracy in classifying five seated postures using FMCW
radar, reporting an average accuracy above 98% [19]. Similarly, Zhao et al. proposed a deep
learning pipeline for human motion and posture recognition using mmWave imaging radar,
achieving robust angle-insensitive recognition by fusing point cloud and spectrogram
representations [20]. Their system achieved an overall accuracy of 87.1% for six activities,
including sitting down, standing up from sitting, bending over, standing up from bending,
sitting still, and standing still. Zhang et al. evaluated several machine learning classifiers
for posture identification using point clouds from FMCW radar [21]. Their best-performing
MLP classifier achieved 94% accuracy in differentiating six postures, including sitting,
lying, and four different standing postures. Additionally, some previous studies considered
standing and sitting as two broad classes, without further dividing them into specific
postural subclasses [22–24]. In comparison to the prior work, this study differs in several
key aspects. First, in terms of activity recognition, our system aims to distinguish working
and stretching postures in seated and standing conditions, but previous studies have often
focused on a subset of postures, such as sitting postures or daily activities. Second, we
employed a LOSO-CV protocol to assess performance and generalizability across different
participants, while most previous studies on radar-based posture recognition relied on
random splits of data from all participants or used data from a single individual, which
may overestimate model generalization [19,21–24]. Finally, our use of a ceiling-mounted
UWB radar offers unobtrusive monitoring with minimal occlusion, in contrast to previous
studies employing side-mounted radars on desks or tripods, thereby enhancing practicality
for office deployment [19–23]. Table 5 summarizes previous radar-based human posture
recognition studies, comparing sensor location, number of participants, covered postures,
validation methods, and reported accuracies.

Table 5. Comparison of previous studies on radar-based human posture recognition.

Study
Sensor

Location
Number of
Participants

Sitting and
Standing 1

Working and
Stretching 1

Subject-Wise
Validation

Accuracy 2

[19] Side 5 � � � 98.7%
[20] Side 8 � � � 97.9%
[21] Side 1 � � � 94.0%
[22] Side 5 � � � 84.9%
[23] Side 9 � � � 97.1%
[24] Overhead 3 � � � 98.9%

This study Overhead 10 � � � 90.6%
1 Types of postures included in the study. 2 Accuracy of the best-performing model reported in each study; the
calculation of accuracy varies according to the validation method employed.
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The proposed radar-based approach offers several advantages over conventional
camera-based and wearable office posture detection systems. Compared to camera-based
systems, it enhances privacy by avoiding the capture of identifiable visual information and
maintains consistent performance under varying lighting conditions, including low-light
or dark environments [25]. Compared to wearable devices, the radar-based system requires
no user compliance or physical attachment, allowing continuous monitoring without
interfering with daily activities. In addition, UWB radar offers low power consumption,
supporting energy-efficient operation suitable for long-term deployments. It is inherently
resistant to narrowband interference, enabling reliable performance in environments with
other wireless systems, and can sustain long-term continuous monitoring with minimal
maintenance requirements [26].

Future research will build on the findings of this study while addressing its limita-
tions. First, variations in body size and shape can affect the magnitude and distribution of
reflected signals, while differences in movement patterns across age groups and genders
may influence Doppler patterns. As the current dataset comprised ten participants with
a relatively narrow age range, the results may not fully capture the variability present in
broader populations. Future research should extend validation to more diverse participant
groups, additional office environments, and a wider range of postures and stretching
activities to improve the generalizability of the proposed system. Second, while the results
demonstrated the feasibility of the proposed system, the signal processing pipeline and
classification models were designed empirically. Both can be further optimized through
tuning of signal processing parameters (e.g., data segmentation and filter settings), ar-
chitecture refinement, and model hyperparameter optimization. A more comprehensive
optimization process leveraging a larger dataset, incorporating explainable AI methods,
and enabling lightweight deployment on edge devices could improve system transparency,
performance, and overall utility. Third, the proposed system is designed to cover a single-
person workspace, which does not address the presence of multiple individuals. Future
work will explore the integration of additional sensing modules or dedicated radar signal
processing pipelines capable of distinguishing between single- and multi-person occupancy
in shared workspaces. Finally, real-world deployments are needed to assess the impact
of environmental factors such as workspace clutter, reflective surfaces, and variations in
ceiling height on system performance.

5. Conclusions

In this work, we propose a privacy-preserving and unobtrusive system for monitor-
ing ergonomic behaviors in office environments using ceiling-mounted UWB radar. By
integrating both distance and Doppler information extracted from UWB radar signals, our
approach enables accurate detection of static and dynamic postures while minimizing the
privacy concerns and workplace disruptions. This work provides a radar-based solution
for scalable workplace interventions aimed at reducing musculoskeletal risks, prompting
micro-breaks, and supporting healthier work routines. Further research should explore
multi-person scenarios, extended environments, and real-world deployment to improve
generalizability and impact.
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Abbreviations

The following abbreviations are used in this manuscript:

UWB Ultra-wideband
CSIRO Commonwealth Scientific and Industrial Research Organisation
GUI Graphical user interface
STFT Short-time Fourier transform
CNN Convolutional neural network
LOSO-CV Leave-one-subject-out cross-validation
MLP Multilayer perceptron
ROC Receiver operating characteristic
AUC Area under the curve
Emp Empty
Se-S Seated stretching
St-S Standing stretching
Se-W Seated working
St-W Standing working

Appendix A

Table A1. Model training hyperparameters.

Hyperparameter Value

Optimizer AdamW
Weight decay 1× 10−4

Batch size 64
Max epochs 200

Loss function Cross Entropy
Learning rate scheduler ReduceOnPlateau

Scheduler monitor Validation loss
Scheduler factor 0.5

Scheduler patience 20
Early stopping monitor Validation accuracy
Early stopping patience 20
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Figure A1. Stretching postures included in the study [17]. Shoulder rolls and back arching, shown as
standing postures in the figure, were also performed by participants while seated.
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Highlights

What are the main findings?

• A five-variable, five-cluster model was replicated in people with stroke and controls,
and it generalized to musculoskeletal and other neurological conditions affecting the
upper limb.

• Compared to clusters, two principal components and individual accelerometry vari-
ables showed higher convergent validity with self-report outcomes of upper limb
performance and disability.

What is the implication of the main finding?

• Upper limb performance in daily life, quantified by wearable movement sensors,
may be better represented on a continuum of functional recovery, rather than with
discrete categories.

• This application of wearable movement sensors supports a unified, data-driven ap-
proach to monitor upper limb recovery across conditions and severity of functional
deficits in rehabilitation.

Abstract

Background: Wearable movement sensors can measure upper limb (UL) activity, but sin-
gle variables may not capture the full picture. This study aimed to replicate prior work
identifying five multivariate categories of UL activity performance in people with stroke
and controls and expand those findings to other UL conditions. Methods: Demographic,
self-report, and wearable sensor-based UL activity performance variables were collected
from 324 participants (stroke n = 49, multiple sclerosis n = 19, distal UL fracture n = 40,
proximal UL pain n = 55, post-breast cancer n = 23, control n = 138). Principal component
(PC) analyses (12, 9, 7, or 5 accelerometry input variables) were followed by cluster analyses
and numerous assessments of model fit across multiple subsets of the total sample. Results:
Two PCs explained 70–90% variance: PC1 (overall UL activity performance) and PC2
(preferred-limb use). A five-variable, five-cluster model was optimal across samples. In
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comparison to clusters, two PCs and individual accelerometry variables showed higher
convergent validity with self-report outcomes of UL activity performance and disability.
Conclusions: A five-variable, five-cluster model was replicable and generalizable. Con-
vergent validity data suggest that UL activity performance in daily life may be better
conceptualized on a continuum, rather than categorically. These findings highlight a uni-
fied, data-driven approach to tracking functional changes across UL conditions and severity
of functional deficits.

Keywords: activities of daily living; measurement; musculoskeletal; neurology; rehabilitation;
upper limb; wearable sensors

1. Introduction

Upper limb (UL) use is integral for engagement in activities of daily life. When one
or both ULs are affected due to conditions such as stroke or shoulder pain, the ability
to perform daily activities may become challenging. This can substantially disrupt one’s
functional independence and participation, leading to disability [1]. People often seek
out rehabilitation services to improve their ability to perform activities in daily life [2].
In-clinic measurement tools accurately quantify a person’s capacity for UL activities within
a clinical setting (i.e., activity capacity), but these measures do not quantify what a person
actually does in an unstructured, free-living environment (i.e., activity performance in
daily life) [3,4]. In recent years, wearable movement sensors such as accelerometers have
emerged as a research tool to quantify UL activity performance in daily life and their
potential for integration in clinical rehabilitation continues to grow [5,6].

Rehabilitation clinicians manage diverse patient populations and require measurement
tools that are efficient, easily understood by themselves and their patients, and adaptable
to the time constraints of high-demand care environments. As wearable movement sensors
transition into the clinical space, there are multiple challenges that need to be addressed:
(1) the number of single variables used across studies, often with different definitions or
algorithms, creates inconsistency in the description of UL activity performance in daily life;
(2) the mathematical complexity and interpretability of some variables complicates their
clinical use; (3) the lack of validation data hinders understanding of how UL accelerometry
variables may relate to self-reported UL use in daily life; and (4) the generalizability across
various clinical populations and severity of functional deficits remains unclear [7,8]. A
potential solution to overcome some of these challenges would be to transition from using
multiple single variables that describe unique populations to multivariate categories of UL
activity performance in daily life that could span clinical populations.

Several single sensor variables have been validated to capture UL activity performance
in daily life in people post stroke [8]. While single variables may be highly useful, UL activ-
ity performance in daily life is likely multi-dimensional [9]. Thus, quantifying UL activity
performance with single variables may not fully represent UL activity performance in daily
life [9,10]. In prior work, we identified five distinct multivariate categories that character-
ized UL activity performance in daily life in a sample of people with stroke and people
without UL disability. Using different numbers of accelerometry input variables, two prin-
cipal components consistently accounted for the majority of the variance, and a five-cluster
solution provided the best model fit by maximizing the overall variance explained [11].
Although these results were promising, additional studies are needed to replicate and vali-
date the findings. Further, if a solution for the clinical environment involves multivariate
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categories, then they should generalize beyond stroke to other conditions affecting one or
both ULs, thus improving clinical utility through broader applicability [7,8].

This manuscript is organized according to the primary purposes of this study, which
were to (1) replicate the multivariate categories of UL activity performance in a separate
sample of people with stroke and people without UL disability; (2) determine the gen-
eralizability of the categories beyond stroke to other conditions for which people seek
out UL rehabilitation; and (3) evaluate the convergent validity between sensor-based cat-
egories and self-reported measures of daily UL activity and quality of life. To enhance
generalization, we aimed to include a heterogeneous sample of clinical populations known
to cause UL disability who seek rehabilitation services. Since it would be impossible to
study every condition, we intentionally selected candidate conditions that varied in their
biological underpinnings (i.e., neurological: stroke, multiple sclerosis; musculoskeletal:
shoulder pain, fractures; and medical: post curative breast cancer treatment), region of
impact (e.g., proximal, distal, or entire limb), and range of functional severity and chronicity
(e.g., distal radius fracture, multiple sclerosis). We hypothesized that five multivariate cate-
gories would be replicable in a new sample of people with stroke and people without UL
disability and that these categories would be generalizable across conditions and severity
of functional deficits despite variable biological causes and patterns of UL impairment
and capacity. We further hypothesized that convergent validity of the categories would be
evident between condition-specific and generic self-report measures of UL activity perfor-
mance and disability. If confirmed, defined categories from wearable movement sensor
data that can be used across clinical populations and functional levels of severity could
dually promote personalized care and clinical efficiency within rehabilitation settings.

2. Materials and Methods

This study enrolled two groups of people into a prospective, longitudinal, obser-
vational cohort: (1) adults referred to physical or occupational therapy services for UL
problems and (2) adults who had no history of neurological or musculoskeletal conditions
that affected their ULs to serve as controls. The data used in this report were from the
first assessment, which occurred within 2 weeks of starting rehabilitation care for those
receiving services. By nature of its design, this study could either be administered in-person
during a clinic visit or fully remotely depending on participant preference. This study
used a single Institutional Review Board (IRB) at Washington University (WashU IRB#
202207003-1001, approval date 21 July 2022). All participants provided informed consent,
with most consenting electronically via REDCap version 15 [12–15].

2.1. Participants

Participants included people seeking rehabilitation services for conditions affecting
the UL (e.g., stroke, multiple sclerosis, UL fracture, shoulder pain, breast cancer) and people
without UL disability as comparators. Participants with conditions affecting the UL were
recruited from rehabilitation and medical clinics at WashU Medicine in St. Louis, Missouri,
and Shirley Ryan Ability Lab in Chicago, Illinois, or from outside either medical network
across the United States via electronic flyers, condition-specific websites, and social media
advertisements. An additional source to recruit control participants was the Recruitment
Enhancement Core through the Institute of Clinical and Translational Sciences services at
Washington University.

2.1.1. Participants with Conditions Affecting the Upper Limb

General inclusion criteria:

1. Age > 18 years.
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2. UL disability determined by the referring physician or surgeon.
3. Referred to rehabilitation to address UL disability.
4. Documented goals of service (rehabilitation and/or surgery) to increase or restore

UL function.

Condition specific inclusion criteria:

1. Stroke: Confirmed ischemic or hemorrhagic stroke diagnosis by neurologist, consis-
tent with imaging; unilateral UL sensorimotor impairments due to stroke.

2. Multiple sclerosis (MS): Confirmed diagnosis of MS by neurologist; sensorimotor
impairments in at least one UL.

3. Distal UL fracture: Unilateral, radiographically confirmed, distal radius fracture,
either treated with surgery or non-operatively.

4. Proximal UL Pain: Unilateral, radiographically confirmed, proximal humerus or
clavicle fracture, either treated with surgery or non-operatively or physician diagnosis
of shoulder pain of musculoskeletal origin; limitations in shoulder range of motion;
and reported problems using the limb for functional activities.

5. Breast Cancer: Confirmed diagnosis of breast cancer, stage 0–III, by oncology provider;
>4 weeks post curative-intent breast cancer treatment (treatment could include one or
more of surgery, chemotherapy, and radiation). This could be a new or older diagnosis
of breast cancer. Participants could have unilateral or bilateral UL involvement and
were not excluded if lymphedema was present.

General exclusion criteria for participants with UL conditions:

1. Other concurrent neurologic, musculoskeletal, or medical conditions that affected the
UL (e.g., exclude if both stroke plus distal radius fracture) or general physical activity.

2. Other co-morbid conditions that indicate a minimal chance for functional improve-
ment (e.g., end-stage cancer, end-stage renal disease).

3. Pregnant or planning to become pregnant.
4. Cognitive impairment or disorders of communication that would prevent informed

consent and study completion as indicated in their medical record.

2.1.2. Participants Without UL Disability Serving as Controls

Eligibility criteria:

1. Age > 18 years.
2. No neurological, musculoskeletal, or medical conditions that affect the UL, or that sig-

nificantly affect the ability to engage in physical activity as reported by the participant.

Once enrolled, participants chose the most feasible method of study participation.
Depending on participant choice, the described data collection and assessment procedures
could occur (1) remotely via mailing of sensors, electronic questionnaires (via REDCap
version 15), and secure telephone or zoom calls; (2) during an in-person home visit; or
(3) during an in-person clinic visit. Study participants could also opt to have some aspects
administered remotely with others administered in person.

2.2. Study Assessments

UL activity performance in daily life was quantified directly from bilateral wrist worn
accelerometers and indirectly from self-report. Descriptive demographic and quality of life
data were collected via self-report or via the electronic health record.

2.2.1. Accelerometry Measurement of Upper Limb Performance in Daily Life

The devices used were the tri-axial ActiGraph GT9x-BT Links. Ametris (formerly
ActiGraph LLC, Pensacola, FL, USA) is a Class II FDA-Approved Medical Device which
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has established reliability and validity standards and conforms with requirements of
the International Standardization Organization [16] to meet regulatory requirements and
ensure high quality medical devices. Participants were instructed to continuously wear the
accelerometers on both wrists, with wrist straps comfortably taught, and positioned just
proximal to the ulnar styloid for two consecutive days [17]. Past literature has indicated
that a minimum of 24 h is sufficient to show stability of UL activity performance variables
in adults [17,18] and that shorter durations of prescribed wear time often indicate greater
adherence [19]. Participants were also asked to keep a log of wear time, rate their activity
level over the course of the two days, document any times the sensors were removed,
and report any difficulty wearing the devices. After two days, participants returned the
accelerometers to their research facility (in person, by mail).

Once accelerometers were returned, recorded data were downloaded using ActiLife
6 (ActiGraph LLC, Pensacola, FL, USA), visually inspected, and processed using custom
code programmed in R software version 4.4.2 (R Core Team, Vienna, Austria) [11,17,20].
The processing code can be found on the following Zenodo repository: https://doi.org/10
.5281/zenodo.10999195 [21,22]. For inclusion in analyses, participants had to have at least
one valid day (≥24 h) on bilateral devices [18]. There were two data files extracted from
ActiLife 6 software: a 1 Hz data file (activity counts) and a 30 Hz data file (gravitational
units). Data processing methods were replicated from Barth et al., 2021, [11] where most
variables were computed from the vector magnitude of the x, y, and z axes accelerations
after bandpass filtering (between 0.25 and 2.5 Hz), converting to activity counts, and down
sampling into 1-s epochs using proprietary ActiLife software [17,23]. A few variables (e.g.,
Preferred/Non-Preferred Spectral Arc Length, and Jerk Asymmetry Index) that required
higher sampling frequencies were computed from 30 Hz data using the vector magnitude
of the x, y, and z accelerations in gravitational units after bandpass filtering (0.2–12 Hz).

Twelve UL activity performance variables, identical to those described by Barth et al.,
2021, were included in this analysis (Table 1) [11]. In contrast to Barth et al., the current
report uses the terms preferred and non-preferred limbs for simplicity [11]. The preferred
limb is the dominant limb of the control participants and the non-affected/non-injured
limb of the patient participants. Likewise, the non-preferred limb is the non-dominant limb
or the affected/injured limb, respectively.

Table 1. Description of UL wearable movement sensor variables, adapted from Barth et al. (2021) [11].

Data Source
UL Accelerometry
Performance
Variable Name

Description and Interpretation
Accelerometry
Input Variable
Set

Duration (h)

1 Hz Preferred time
Total time that the preferred limb is
moving, as determined by activity
counts > 2 for each second [24].

12, 9, 7, 5

1 Hz Non-preferred time Total time that the non-preferred limb
is moving, as above. 12, 9, 7, 5

1 Hz Preferred-only time Total time that only the preferred
limb is moving, as above. 12, 9

1 Hz Non-preferred-only time Total time that only the non-preferred
limb is moving, as above. 12, 9
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Table 1. Cont.

Data Source
UL Accelerometry
Performance
Variable Name

Description and Interpretation
Accelerometry
Input Variable
Set

Intensity (acs)

1 Hz Non-preferred
magnitude

Median of the accelerations for the
non-preferred limb when it was
moving (excluding non-movement
time). Higher movement counts
indicate greater movement intensity
of the non-preferred limb.

12, 9, 7

1 Hz Bilateral magnitude

Sum of the non-preferred and
preferred magnitudes, as above.
Higher activity counts indicate
greater intensity of movement across
both limbs.

12, 9, 7

Variability

1 Hz Non-preferred variance

Standard deviation of the magnitude
of accelerations for the non-preferred
limb when it was moving. Higher
activity counts indicate greater
movement variability of movement
for the non-preferred limb.

12, 9, 7, 5

1 Hz Use ratio

Ratio of hours of non-preferred time
to preferred time. Values are generally
between 0 and 1, with values close to
1 indicating equal integration of both
limbs into daily activities.

12, 9, 7, 5

1 Hz Magnitude ratio

Ratio of the magnitude of
non-preferred versus preferred limb
accelerations (intensity).
Interpretation as above, except with
magnitudes instead of durations.

12, 9, 7

Symmetry 30 Hz Jerk asymmetry
index [25]

Ratio of the jerk of the non-preferred
and preferred limbs but calculated as
((jerknon-preferred −
jerkpreferred)/jerknon-preferred +
jerkpreferred)). Values range from −1
and +1, with values around 0
indicating similar smoothness of
movement in the limbs. Values closer
to +1 or −1 reflect greater jerk for the
non-preferred limb and the preferred
limb, respectively.

12

Movement
Quality

30 Hz Preferred spectral arc
length [26,27]

Measurement of the “arc length” of
the Fourier magnitude spectrum
within a certain frequency range. This
measure is independent of the
movement’s amplitude and duration
and indicates smoothness of
movement by quantifying movement
interruptions. More negative spectral
arc lengths are reflective of less
smooth or less coordinated movement
in the preferred/non-preferred limbs.

12

30 Hz Non-preferred spectral
arc length 12

Abbreviations: acs, activity counts; h, hours. Legend: The Accelerometry Input Variable Set column describes groups
of single accelerometry input variables that were systematically reduced based on perceived clinical utility. These
variable sets are based on prior work by Barth et al., 2021 [11].
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2.2.2. Self-Report Measurements of Upper Limb Performance in Daily Life

Most participants completed online questionnaires remotely via REDCap (Vanderbilt
University, Nashville, TN, USA), with a few participants who completed them either on
paper or on a computer with assistance from study personnel. All surveys were completed
by participants with the exception of the Disability of the Shoulder Arm and Hand (DASH)
survey, which was only completed by people with musculoskeletal conditions affecting
the UL (e.g., breast cancer, proximal shoulder pain or fracture, and distal fracture groups),
and the Motor Activity Log–Amount of Use Scale (MAL-AoU), which was only com-
pleted by people with neurological conditions affecting the UL (e.g., stroke and multiple
sclerosis groups).

2.2.3. Patient-Reported Outcome Measurement Information System Upper Extremity Bank
2.0 via Computer Adaptive Test (PROMIS)

The PROMIS is a system of self-reported measurement tools that evaluate health
status for physical, mental, and social well-being. This study used the computer adaptive
test for the UL as the primary measure to quantify participant perception of UL activity
performance in daily life. The Upper Extremity Bank 2.0 consists of 126 items, with partici-
pants typically answering only 5–6 questions for the computerized adapted testing version.
Scores are reported as T-scores, where the normative sample without any conditions has
a mean ± SD of 50 ± 10 points [28]. PROMIS tools have excellent test–retest reliability
and internal consistency [28–30], and they have been used across a wide variety of chronic
diseases and conditions and in the general population [29].

2.2.4. Motor Activity Log–Amount of Use Scale (MAL-AoU)

The MAL-AoU is a questionnaire that measures perceived UL activity performance
in daily life for persons with neurologic conditions. The MAL-AoU was used here as a
condition-specific tool for quantifying UL activity performance in daily life by participants
with stroke and multiple sclerosis. The MAL-AoU asks participants to report the amount of
UL use in 30 functional activities. Each item is scored on a 6-point ordinal scale that ranges
from 0 (“I did not use my affected arm”) to 5 (“I used my affected arm as much as before
my condition [stroke, multiple sclerosis]).” Item scores are averaged, with overall scores
ranging from 0 to 5, with higher scores indicating greater reported use of the affected UL
in daily life. The MAL has excellent psychometric properties for test–retest reliability and
internal consistency as well as criterion validity [31,32].

2.2.5. Disability of the Arm, Shoulder, and Hand Scale (DASH)

The DASH scale is a 30-item questionnaire that measures perceived UL activity perfor-
mance in daily life for persons with musculoskeletal conditions. The DASH scale was used
here as a condition-specific tool for quantifying UL activity performance in daily life from
the participants with UL fractures, shoulder pain, and breast cancer. The DASH survey has
30 items, and each item is rated on a 5-point Likert scale where 1 means no difficulty with
the task and 5 means being unable to perform that task. Items scores are summed with
total scores range from 0 to 100, with lower scores indicating less disability. The DASH has
excellent test–retest reliability, internal consistency, and construct validity [33–35].

2.2.6. Activity Card Sort Test (ACS)

The ACS measures participation in four domains of activities across daily life: instru-
mental, social, low-demand physical leisure and high-demand physical leisure [36,37]. The
ACS was used here to quantify participant perception of return to activities involving the
UL. Participants are shown pictures of various activities and asked to rate each activity
as either: 0 meaning they never engaged in the activity, or they gave up on the activity
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after their diagnosis; 0.5 meaning that they partially engage in that activity now since their
diagnosis; or 1 meaning that they continue to engage in that activity or have now started
to engage in that activity since their diagnosis. For this study, we used 65 of 89 activities
that involve the UL, as done previously in a clinical trial [38,39]. We were most interested
in the ACS Global Score encompassing all four domains, as well as the ACS Instrumental
Activities of Daily Living (ACS IADL) score, which here was a subset of 17 items. The
ACS has been used across a wide variety of chronic diseases and conditions and in the
general population, and shows acceptable to excellent test–retest reliability and internal
consistency [40–43].

2.2.7. European Quality of Life Scale—5 Dimensions 3 Levels (EuroQoL)

The EuroQoL is a descriptive, standardized self-report measure of overall quality
of life in 5 dimensions: mobility, self-care, usual activities, pain/discomfort, and anx-
iety/depression. The EuroQoL self-care scale was used here to capture aspects of UL
activity performance in daily life, with the rationale that most self-care activities require the
use of the ULs. There are 5 items on this scale; participants rate each item as presenting no
problems, some problems, or more extreme problems. Lower scores indicate better function.
The EuroQoL has been used across a wide variety of chronic diseases and conditions and
in the general population [44]. The EuroQoL has excellent psychometric properties for
test–retest reliability and convergent validity [44].

2.2.8. Demographic and Other Data

Demographic and descriptive data were obtained by self-report or, for participants
in clinical subgroups, by review of electronic medical records or from the referring medi-
cal providers when available. Additional self-report measures were collected to describe
comorbid status (Charlson Comorbidity Index [45,46], score range = 0–29, higher scores
= more disease burden) and depressive symptomatology (Center for Epidemiological
Studies Depression Scale (CES-D), score range = 0–60, higher scores = greater depres-
sive symptoms [47–50]). For this study, the CES-D was also used as a tool to confirm
divergent/discriminant validity of the accelerometry measures.

2.3. Statistical Analysis
2.3.1. Software Used and Data Availability Statement

All data were managed and analyzed in R (version 4.4.2), an open-source statistical
computing software [20]. Data were managed with the tidyverse [51] package, analyzed
using the factoextra [52] and stats [20] packages, and then visualized using both the tidy-
verse [51] and patchwork [53] packages in R. De-identified data are available from the
lead authors upon request. Once the overall study is completed, all data will be pub-
licly shared through the NIH-NICHD Data and Specimen Hub (DASH) repository. R
code for all statistical analyses is available from the lead author’s GitHub repository:
https://github.com/cem2183/sensor_categories (accessed on 11 June 2025).

2.3.2. Sample Size

Determination of sample size for this study was based on a sensitivity analysis in-
formed by preliminary data in a sample of people with stroke and people without UL
disability that yielded a 5-variable, 5-cluster solution [11]. Simulations showed that N ≥ 200
would yield >80% classification accuracy to detect a range of differences between 5 cluster
centroids across 5 standardized variables [54].
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2.3.3. Replication and Generalizability Analyses

The first two purposes of this study were to (1) replicate prior findings in a new sample
of people with stroke and people without UL disability and (2) generalize those findings
beyond stroke to other conditions for which people seek out UL rehabilitation. Multiple
principal component analyses (PCAs) and cluster analyses were used to achieve these
purposes. As such, the replication analysis was performed first with a sample of people
with stroke (n = 49) and people without UL disability who served as controls (n = 138). A
second replication analysis was performed on a sample that had matching stroke (64%) and
proportionate control (36%) to the sample from Barth et al. (2021) [11]. The second sample
retained all the participants with stroke (n = 49), while people without UL disability were
sampled to produce an age-matched distribution (n = 20). After replication was confirmed,
analytic methods were repeated using a third sample of people with distal UL fracture,
proximal UL pain, breast cancer, multiple sclerosis, and people without UL disability
to determine initial generalizability of findings without people with stroke. Finally, the
analysis was repeated on a fourth sample using all participants (N = 324).

2.3.4. Principal Component Analyses

Principal components were derived from sets of accelerometry input variables (12, 9,
7, and 5). Prior to conducting PCAs, all accelerometry variables were standardized using z-
scores due to different measurement scales (e.g., counts, hours, ratios). All 12 accelerometry
input variables were then visualized in density plots stratified by diagnosis (Figure 1).
To replicate work by Barth et al., 2021 [11], the PCA was conducted using the prcomp
function as part of the stats [20] package on sets of 12, 9, 7, and then 5 accelerometry input
variables, as indicated in the last column in Table 1. Accelerometry input variables were
sequentially excluded from analyses according to computational complexity, validation in
clinical populations, and clinical interpretation [11]. Additionally, each model had at least
one accelerometry input variable from constructs of duration, intensity, variability, and
symmetry to best capture the dimensionality of UL activity performance in daily life [11].
For each variable model (12, 9, 7, and 5), scree plots were evaluated to determine the
appropriate number of PCs to explain variance among the accelerometry input variables.
Importantly, because the sign of a PC is arbitrary, we manually set the direction of the
PC to load positively on preferred time across all analyses (e.g., if the loading of PC1 on
preferred time was negative, all loadings for PC1 were multiplied by −1). This alignment
does not alter the internal structure of the loadings but ensures directional consistency
across variable sets.

2.3.5. Cluster Analyses

Following the PCAs, we used the factoextra [52] package to perform a k-means cluster
analysis as an efficient means to identify potential subgroups of participants within the
data (k tested from 1 to 10). Previously, a 5-variable, 5-cluster solution was sufficient
for people with stroke and people without UL disability [11]. However, with replication
and generalization to other conditions, we estimated that upwards of 8 clusters may be
necessary to explain the data. We used several statistical methods to determine the most
appropriate number of clusters for a given set of input variables: (1) the elbow method on
a scree plot of the within cluster sum of squares (WSS) [55], (2) the silhouette statistic [56],
and the (3) gap statistic [57]. Collectively, from the scree plot, silhouette statistic, and the
gap statistic, 2–5 cluster solutions progressively explained the data, and so we focused on
these cluster sizes for further analyses.

To adjudicate between 2- to 5-cluster solutions, we extracted cluster membership
from each solution for each variable set (12, 9, 7, and 5 input variables). Treating cluster
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membership as a categorical factor, we assessed model fit via multivariate analysis of
variance (MANOVA) via the stats [20] package. MANOVA produced the percentage of total
variance explained by the number of clusters, allowing for the assessment of model fit [58].
To penalize for overfitting, MANOVA also allowed us to calculate the Akaike Information
Criterion (AIC) via the stats package for each number of clusters and input variables [58].
The AIC imposes a penalty for additional model parameters, so the model with the lowest
AIC value was chosen to avoid overfitting and enhance generalizability [58].

Figure 1. Density plots for each accelerometry input variable by diagnosis. Abbreviations: acs,
activity counts; hrs, hours; ProximalULPain, proximal upper limb pain; DistalULFracture, distal
upper limb fracture.
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2.3.6. Determining Convergent and Divergent Validity

The third purpose of this study was to evaluate the convergent validity between
sensor-based categories, self-reported daily UL activity, and other related measures. The
convergent validity of generic (i.e., PROMIS UE score) and condition-specific (i.e., MAL-
AoU, DASH) self-report of UL activity performance and disability were compared against
(1) 2 PCs, (2) the 5-cluster model, and then (3) individual accelerometry variables using
the lm function of the stats [20] package to obtain R2. As some models rely on multiple
predictors (e.g., multiple clusters or principal components) and other models use a single
predictor (e.g., paretic arm time or the use ratio), we focused on the R2 of all models
to understand how these self-report outcomes related to accelerometry-derived values.
For convergent validity of single predictors, we regressed condition-specific outcomes
(i.e., MAL-AoU, DASH) onto individual accelerometry measures. As a test of divergent
validity, we regressed a measure of depressive symptoms (CES-D) onto individual ac-
celerometry measures. Measures of depressive symptoms should have little to no relation
to accelerometry measures [59].

3. Results

A total sample of N = 324 participants were included in the various analyses. Demo-
graphic and participant characteristics for the five clinical sub-groups and people without
UL disability are provided in Table 2. Baseline scores across self-report measures are
provided in Table 3. People with proximal UL pain generally had the highest incidence
of concordance (where the dominant limb is the affected upper limb) followed by people
with multiple sclerosis, distal UL fracture, stroke, and then breast cancer. Figure 1 displays
density plots for each accelerometry input variable, by diagnosis.

Table 2. Demographics of the sample. Values are presented as percentage [n] or median [IQR].

Total
Sample
(n = 324)

People
Without UL
Disability
(n = 138)

People
with

Stroke
(n = 49)

People
with

Proximal
UL Pain
(n= 55)

People with
Distal UL
Fracture
(n= 40)

People
with Breast

Cancer
(n= 23)

People
with

Multiple
Sclerosis
(n= 19)

Age 53
[40, 67]

41
[29, 60]

59
[52, 70]

59
[49, 68]

63
[51, 68]

56
[43, 64]

49
[43, 53]

Sex
Male 28%

[91]
25%
[34]

59%
[29]

35%
[19]

12%
[5] NA 21%

[4]

Female 72%
[233]

75%
[104]

41%
[20]

65%
[36]

88%
[35]

100%
[23]

79%
[15]

Race

American Indian or
Alaska Native

<1%
[1]

<1%
[1] NA NA NA NA NA

Asian 6%
[21]

12%
[17] NA 5%

[3] NA NA 5%
[1]

Black or African
American

23%
[76]

20%
[28]

43%
[21]

20%
[11]

3%
[1]

17%
[4]

58%
[11]

Native Hawaiian or
Other Pacific

Islander

<1%
[3] NA NA NA 3%

[1] NA 5%
[1]

White 69%
[224]

67%
[92]

57%
[28]

75%
[41]

94%
[38]

83%
[19]

32%
[6]

Ethnicity

Hispanic, Latinx 5%
[15]

4%
[6]

8%
[4]

8%
[4]

6%
[2]

9%
[2]

6%
[1]

Non-Hispanic,
Non-Latinx

99%
[309]

96%
[132]

92%
[45]

82%
[45]

94%
[38]

91%
[21]

94%
[16]
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Table 2. Cont.

Total
Sample
(n = 324)

People
Without UL
Disability
(n = 138)

People
with

Stroke
(n = 49)

People
with

Proximal
UL Pain
(n= 55)

People with
Distal UL
Fracture
(n= 40)

People
with Breast

Cancer
(n= 23)

People
with

Multiple
Sclerosis
(n= 19)

Employment
Status

Not working for
paid employment

46%
[148]

31%
[43]

86%
[42]

36%
[20]

42%
[17]

48%
[11]

79%
[15]

Working <
20 h/week

8%
[25]

11%
[15]

2%
[1]

7%
[4]

10%
[4]

4%
[1] NA

Working part-time
≥ 20 h/week

6%
[18]

6%
[8]

4%
[2]

4%
[2]

10%
[4]

4%
[1]

5%
[1]

Woking full-time ≥
37.5 h/week

40%
[133]

52%
[72]

8%
[4]

53%
[29]

38%
[15]

44%
[10]

16%
[3]

Hand
Dominance

Right 90%
[292]

93%
[129]

88%
[43]

93%
[51]

85%
[34]

78%
[18]

89%
[17]

Left 9%
[29]

7%
[9]

10%
[5]

7%
[4]

10%
[4]

22%
[5]

11%
[2]

Ambidextrous 1%
[3] NA 2%

[1] NA 5%
[2] NA NA

Affected Side
Right NA NA 45%

[22]
56%
[31]

42%
[17]

52%
[12]

53%
[10]

Left NA NA 55%
[27]

44%
[24]

58%
[23]

47%
[11]

47%
[9]

Time Since UL
Dysfunc-
tion/Pain

NA NA 3 mo
[1.5, 12]

2 yrs
[1, 4]

1.6 mo
[1.1, 1.8]

12 mo
[5.75, 30]

13 yrs
[8, 22]

Concordance *
Yes NA NA 41%

[20]
53%
[29]

42%
[17]

39%
[9]

42%
[8]

No NA NA 59%
[29]

47%
[26]

58%
[23]

61%
[14]

58%
[11]

Total
Charleson

Comorbidity
Index Score

1
[0, 3]

1
[0, 3]

3
[2, 4]

3
[1, 4]

3
[1, 3]

3
[2, 4]

2
[1, 2]

Average
Accelerometry

Weartime †

100%
[324]

100%
[138]

100%
[49]

100%
[55]

100%
[40]

100%
[23]

100%
[19]

* Concordance: dominant limb = paretic limb. † Adherence to wearing for this cohort was 96% for at least a
single day. Data from participants with <1 day of recording were excluded from this report. Abbreviations: ADL,
Activities of Daily Living; IQR, inter-quartile range; mo, months; n, number of participants; NA, Not Applicable;
SD, standard deviation; yrs, years.

Table 3. Baseline data for self-report measures. Values are median [IQR].

Self-Report
Measure (Points)

Total
Sample

People
Without UL
Disability

People with
Stroke

People with
Proximal UL

Pain

People with
Distal UL
Fracture

People
with Breast

Cancer

People with
Multiple
Sclerosis

PROMIS Upper
Extremity Score

42
[32, 52]

55
[47, 61]

34
[29, 39]

36
[30, 38]

32
[28, 38]

37
[34, 44]

32
[27, 39]

MAL—Amount of
Use Scale Score NA NA 3

[2, 4] NA NA NA 2
[2, 4]

DASH Score NA NA NA 40
[23, 53]

41
[30, 60]

35
[9, 49]

NA

ACS Global Score 31
[24, 38]

36
[31, 43]

21
[15, 26]

30
[25, 34]

27
[22, 34]

31
[23, 40]

21
[15, 28]

ACS IADL Score 12
[9, 14]

14
[12, 15]

6
[3, 9]

13
[9, 15]

11
[8, 13]

12
[10, 14]

7
[3, 9]
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Table 3. Cont.

Self-Report
Measure (Points)

Total
Sample

People
Without UL
Disability

People with
Stroke

People with
Proximal UL

Pain

People with
Distal UL
Fracture

People
with Breast

Cancer

People with
Multiple
Sclerosis

Euro-QofL—Self
Care Score

1
[1, 1]

1
[1, 1]

2
[1, 2]

1
[1, 2]

1
[1, 2]

1
[1, 1]

1
[1, 2]

Euro-QofL—Usual
Activities Score

1
[1, 2]

1
[1, 1]

2
[2, 2]

2
[1, 2]

2
[2, 2]

2
[1, 2]

2
[2, 2]

CES-D Score 9
[4, 17]

8
[4, 15]

13
[8, 23]

8
[3, 15]

7
[3, 13]

11
[5, 16]

12
[8, 26]

Abbreviations: ACS, Activity Card Sort; CES-D, Center for Epidemiological Studies–Depression Scale; DASH,
Disabilities of the Arm, Shoulder, and Hand Scale; Euro-QofL, European Quality of Life Scale; IADL, Instrumental
Activities of Daily Living; MAL, Motor Activity Log; NA, Not Applicable; PROMIS, Patient-Reported Outcome
Measure Information System; IQR, inter-quartile range; n, number.

Despite differing numbers of accelerometry input variables, two principal components
(PC1, PC2) consistently explained the majority of variance for each sample in our analysis.
Statistics from the PCs and two-, three-, four-, or five-cluster evaluations across 12, 9, 7,
or 5 accelerometry input variables are displayed along with the variance explained and
model fit criteria in Table 4. The most parsimonious model used five accelerometry input
variables. Using this five-variable model, PC1 explained most of the variance for all samples
(range 53.0–76.4) and consistently showed moderate loadings across all five accelerometry
input variables. PC loadings represent the contribution of each original accelerometry
input variable to the principal component. PC1 appears to capture overall UL activity
level. PC2 explained considerably less variance across all samples (range 17.6–25.7). PC2
appears to reflect the duration of unilateral activity of the preferred limb (dominant limb
in control participants, non-affected limb in patient participants), based on the strong
(positive) loading response from preferred time (Figure 2).

Figure 2. Principal component variance explained. Abbreviations: Excl, excluding; PC, principal
component.
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A five-cluster solution consistently explained the most overall variance in comparison
to two-, three-, or four-cluster solutions for each sample in our analysis, regardless of
the number of accelerometry input variables. Cluster statistics are shown in the last two
columns of Table 4 and represented graphically in Figure 3. For samples that included
participants with stroke and people without UL disability, the analyses replicated prior
work [11]. AIC values (last column, Table 4) determined that a five-variable five-cluster solu-
tion provided the best model fit in comparison to the two-, three-, or four- cluster solutions
across different accelerometry input variables (12, 9, 7 and 5). This held consistent across
all samples. While each cluster solution (2-, 3-, 4-, 5-) was statistically feasible, the final,
most parsimonious solution included five clusters, with five accelerometry input variables
of non-preferred magnitude, non-preferred time, non-preferred variance, preferred time,
and the use ratio, consistent with prior work. Figure 3 displays a five-variable, five-cluster
solution within a two-dimensional PC space for each of the four samples in this analysis.
The x-axis represents PC1, which captures overall UL activity, while the y-axis represents
PC2, which represents the duration of preferred limb use. Each axis reflects a continuous
gradient, with participants distributed according to their clustered UL performance profiles.
To aid interpretation, consider the following examples in Figure 3: Cluster 1 (shown in blue)
comprises individuals with high preferred UL use but low overall UL activity, suggesting
limited engagement of the non-preferred limb in daily tasks, and likely greater severity
of UL functional deficits. Cluster 5 (shown in purple includes individuals with both high
preferred UL use and high overall UL activity, consistent with more symmetrical and
frequent UL use throughout the day, and likely less severe or no impairments. Cluster 2
(shown in orange) consists of individuals with low preferred UL use and low-to-moderate
overall UL activity, indicating either impairment with the preferred UL, or reduced overall
upper limb engagement. Overall, clusters show remarkable similarities across each sample,
despite differing compositions of clinical populations and severity of functional deficits.

Table 4. Cluster statistics are shown per sample sub-set and listed in ascending order by accelerometry
input variable. Values are to be compared within each row of data.

Sample

Number of
Accelerometry

Input
Variables

Variance
Explained by
Each PC (%)

Total Variance Explained by
Number of Clusters (%)

AIC by # of Clusters

PC1 PC2 2 3 4 5 2 3 4 5

Sample 1:
Stroke + Control
(n = 192, replication)

12 57.4 13.1 35.9 45.2 53.8 59.4 1462.7 1281.9 1116.6 1017.2

9 68.5 16.5 40.6 53.2 59.8 64.6 1019.7 829.9 738.1 677.0

7 75.6 14.1 46.8 61.4 67.7 70.8 713.3 539.4 471.6 445.7

5 76.4 17.6 45.7 62.7 69.4 73.9 519.6 373.1 321.6 289.7

Sample 2:
Stroke + Proportionate
Control
(n = 69, replication)

12 49.6 13.2 39.5 48.5 55.3 60.1 527.0 479.9 450.4 436.1

9 58.9 17.5 46.6 58.1 65.2 69.7 353.4 302.7 278.6 270.3

7 66.9 15.0 51.1 63.0 68.9 73.6 254.0 213.0 199.8 192.1

5 67.1 19.5 49.9 64.8 70.9 75.8 185.3 146.1 136.0 129.9

Sample 3:
Other conditions +Control
excluding stroke
(n = 275, generalization)

12 34.2 15.5 20.9 30.6 39.4 46.4 2638.5 2343.9 2080.2 1876.1

9 40.4 19.8 25.5 37.4 45.1 50.5 1865.4 1593.4 1420.4 1306.5

7 49.5 21.2 31.2 44.3 51.1 56.0 1343.4 1107.4 990.7 911.7

5 53.0 25.7 58.0 72.1 78.2 81.6 935.4 720.6 645.5 588.0

Sample 4:
Total Sample
(n = 324, generalization)

12 42.9 13.7 28.0 37.9 46.5 52.2 2823.4 2465.7 2158.4 1868.0

9 50.6 18.0 32.1 45.0 51.9 62.1 1997.2 1643.2 1460.7 1305.2

7 59.5 17.5 37.2 51.4 58.7 63.7 1440.0 1134.8 984.2 885.9

5 67.6 19.5 38.4 53.8 62.7 68.0 1008.1 772.1 637.7 563.5

Abbreviations: Akaike Information Criterion (AIC), principal component (PC).
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Figure 3. Five-variable, five-cluster plot across samples. Abbreviations: Excl., excluding; PC, principal
component; ProximalULPain, proximal upper limb pain; DistalULFracture, distal upper limb fracture.

Surprisingly, there was better convergent validity of the two continuous PCs and
individual continuous UL accelerometry variables compared to the five categorical sub-
groups from our clustering algorithm. Continuous variables generally explained more
variance in generic and condition-specific self-report outcomes of UL activity performance
and disability, compared to the categorical clusters. Figure 4 visually illustrates this by
showing the lack of relationship between the cluster solutions and the PROMIS Upper
Extremity measure and the ACS IADL measure in the top row (Figure 4A,B) compared
to scatter plots of PC 1 (Figure 4C,D) and example single variables (Figure 4E,H). Table 5
shows the R2 values that quantify these relationships. Of note, there are no universally
defined thresholds for interpreting R2 values; rather, they should be evaluated in relation
to the construct being measured and the methods used. In the context of this work, each
accelerometry input variable captures a single aspect of a broader construct being that of
performance of UL activity in daily life. Accordingly, modest R2 values across multiple
variables may still provide meaningful evidence of convergent validity when considered
collectively. For example, many single UL accelerometry variables (e.g., non-preferred
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magnitude, bilateral magnitude, non-preferred variance, use ratio, and magnitude ratio)
showed convergent validity with self-report outcomes of UL activity performance (column
2, Table 5) and UL disability (columns 5–6, Table 5). Three UL accelerometry variables
(e.g., spectral arc length and preferred/non-preferred-only times) consistently showed the
weakest convergent validity across self-report outcomes of UL activity performance and
disability. Evaluation of condition-specific measures revealed no convergent validity across
UL accelerometry variables for the DASH scale. However, we observed significant relations
for convergent validity on the MAL (e.g., non-preferred magnitude, bilateral magnitude,
non-preferred variance, use ratio, magnitude ratio, and jerk asymmetry index). Addition-
ally, the relationship between the PROMIS Upper Extremity measure and the two PCs is
represented as an R2 of 0.190 indicating significance, while clusters showed essentially no
relationship with this measure as an R2 0.030. Divergent validity was established using
the CES-D, wherein low values of R2 were observed across five clusters, two PCs, and
individual UL accelerometry variables.

Figure 4. Scatterplots of convergent validity analysis. (A) Scatterplot of PROMIS UE score and
5 Cluster Model. (B) Scatterplot of ACS IADL score and 5 Cluster Model. (C) Scatterplot of PROMIS
UE and PC1 (which represents overall UL activity performance). (D) Scatterplot of ACS IADL score
and PC1 (which represents overall UL activity performance). (E) Scatterplot of PROMIS UE score
and Non-Preferred Magnitude. (F) Scatterplot of ACS IADL score and Non-Preferred Magnitude.
(G) Scatterplot of PROMIS UE score and Use Ratio. (H) Scatterplot of ACS IADL score and Use Ratio.
Abbreviations: ACS IADL score, Activity Card Sort–Instrumental Activities of Daily Living score;
PC, principal component; PROMIS UE Score, Patient-Reported Outcome Measurement Information
System Score for the Upper Extremity.
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Table 5. Convergent and divergent validity statistics.

Accelerometry Input Variable
(R2)

Universal
Self-Report

of UL
Activity

Condition Specific Self-Report
of UL Activity

Common Self-Report of Activity and Quality of Life
Self-Report of

Depressive
Symptoms

PROMIS
UE

MAL
(Stroke,

MS)

DASH (Breast
Cancer, Distal
UL Fracture,
Proximal UL

Pain)

ACS
Global

ACS
IADL

Euro QofL
Self-Care

Euro QofL
Usual

Activities
CES-D

5 Clusters 0.030 0.210 0.150 0.015 0.027 0.065 0.025 0.007
2 PCs 0.190 0.260 0.010 0.260 0.340 0.150 0.140 0.063
Preferred time 0.036 0.057 0.002 0.144 0.152 0.053 0.048 0.040
Non-preferred time 0.057 0.012 0.023 0.152 0.116 0.068 0.063 0.063
Preferred only time 4.0× 10−4 0.053 0.048 0.012 0.026 0.003 2.5× 10−5 4.0× 10−6

Non-preferred only time 0.004 0.053 0.004 0.004 0.023 4.9× 10−5 0.004 0.005
Non-preferred magnitude 0.130 0.212 4.0× 10−4 0.168 0.260 0.090 0.090 0.005
Bilateral magnitude 0.203 0.194 0.068 0.240 0.325 0.152 0.152 0.014
Non-preferred variance 0.194 0.203 0.006 0.176 0.270 0.109 0.110 0.004
Use ratio 0.176 0.260 0.058 0.176 0.260 0.160 0.144 1.0× 10−4

Magnitude ratio 0.212 0.230 0.090 0.102 0.144 0.102 0.116 2.0× 10−4

Jerk asymmetry index 0.212 0.270 0.090 0.144 0.203 0.144 0.168 1.0× 10−4

Preferred spectral arc length 1.0× 10−4 4.0× 10−4 0.008 0.030 0.003 1.6× 10−4 1.6× 10−4 1.6× 10−4

Non-preferred spectral
arc length 2.0× 10−4 0.040 0.017 9.0× 10−4 4.0× 10−4 1.6× 10−4 1.6× 10−5 4.9× 10−4

Values in bold are statistically significant from zero. Preferred limb refers to the dominant limb in participants
without UL disability, and the non-affected limb in participants with clinical conditions. Non-preferred limb
refers to the non-dominant limb in participants without UL disability and the affected limb in participants with
clinical conditions. Abbreviations: ACS, Activity Card Sort; CES-D, Center for Epidemiologic Studies Depression
Scale; DASH, Disability of the Arm, Shoulder, and Hand Scale; EuroQoL, European Quality of Life Scale; IADL,
Instrumental Activities of Daily Living; MAL, Motor Activity Log; Multiple Sclerosis; PROMIS, Patient-Reported
Outcomes Measurement Information System; UL, upper limb.

4. Discussion

A five-variable, five-cluster solution for UL activity performance in daily life was
replicated in a new independent sample of people with stroke and people without UL
disability. Furthermore, the relationships between variables (PCA) and clustering of people
into roughly five multivariate groups (k-means), generalized across neurological, muscu-
loskeletal, and other medical conditions and across severity of functional deficits, were
studied. Expanding the analyses from stroke to other conditions resulted in remarkable
similarities across samples. This suggests that UL activity performance in daily life can be
quantified in a similar manner regardless of the biological cause or severity of functional
deficits. However, across generic and condition-specific self-report outcomes of UL activity
performance and disability, convergent validity was much higher for PCs and individual
UL accelerometry variables treated continuously than for the five clusters treated cate-
gorically. Thus, although there is empirical support to divide people into clusters, when
it comes to explaining individual differences in UL activity performance and disability,
treating these measures continuously may be the more powerful approach. Overall, these
findings underscore the potential for more efficient and personalized rehabilitative care by
streamlining wearable sensor-based assessment of UL activity performance into a focused,
generalizable tool that is applicable across diverse conditions of the UL as well as severity
of functional deficits and salient to clinicians and patients alike.

Replication of a five-variable, five-cluster solution in a sample of people with stroke
and people without UL disability was confirmed. This analysis demonstrated the stability
of original findings from Barth et al. (2021) [11] across two new samples of people with
stroke and people without UL disability. Although both replication samples included the
same conditions, their compositions differed substantially, which provided an opportunity
to assess the robustness of the model across contrasting clinical profiles. Irrespective of
sample composition (one sample had a higher frequency of people without UL disability
than the other), two PCs consistently emerged from the data with comparable variance
explained, and the five-variable, five-cluster model was preserved (samples 1 and 2, Table 4).
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Replication of the same solution suggests the findings are real, as many findings in the
biomedical literature cannot be replicated [60,61], especially with statistical models such as
the ones used here.

A five-variable, five-cluster solution was generalizable beyond people with stroke
and people without UL disability, to people with other neurologic, musculoskeletal, and
medical conditions that affect the ULs to varying degrees of functional severity. This
generalizability is visually supported by the consistent spatial patterns observed across
samples in both the PC space (Figure 2) and cluster distributions (Figure 3). There are two
intertwined reasons that may account for this generalizability. First, all people need to
perform similarly complex UL activities in daily life. And second, accelerometry-derived
sensor variables quantify general characteristics of movement (e.g., duration, magnitude,
quality) [62], but they do not yet quantify how and when specific tasks are performed by
a person [18]. While efforts are underway in other research groups to quantify specific,
individual tasks performed in daily life, it may be decades before the library of algorithms
is large and accurate enough to be used in an unsupervised clinical setting across patient
populations and severity of functional deficits [63–66]. Taken together, the generalizability
observed for both PCA and cluster analyses suggests a practical and scalable solution for
characterizing UL activity performance in daily life across diverse clinical conditions and
severity of functional deficits.

Assessment of convergent validity revealed PC and individual UL accelerometry
variables had significant relationships with both generic and condition-specific self-report
measures of UL activity performance and disability, while cluster membership did not.
Five categorical clusters showed trivial relationships with PROMIS UE and ACS IADL
scores (Figure 4A,B; R2 ≤ 0.03), suggesting that although these people may consistently
move similarly based on their accelerometry recorded in daily life, cluster membership was
unrelated to perceptions of UL activity in daily life. In contrast, PCs showed significant re-
lations with self-report measures (Figure 4C,D), particularly condition-specific instruments
like the MAL (R2 = 0.26–0.27), and broader indices of activity and participation (R2 = 0.26–
0.34). While the data support consistent groups of people with similar movement profiles,
there remains important variability within each group. This variability is meaningfully
associated with clinically validated outcomes but is lost when continuous data are reduced
to categorical classifications. Similarly, among individual accelerometry variables, those
reflecting movement magnitude (e.g., bilateral magnitude) and symmetry (e.g., magnitude
ratio, jerk asymmetry index) showed significant relations with self-reported activity (R2 up
to 0.27), while duration (e.g., preferred/non-preferred only time) and quality of movement
(e.g., spectral arc length) did not. The magnitude of the significant relationships aligns with
prior findings in people with stroke, though it is presented here as R2 rather than correlation
coefficients [66], to allow comparison with multivariable constructs such as the categorical
clusters and two PCs. Overall, these findings suggest that upper limb performance may be
better represented along a continuum of functional recovery using 2PCs, rather than with
discrete categories using clusters. In the future, a five-variable model could be implemented
clinically using onboard processing in either wearable movement sensors or mobile devices
to map an individual’s performance within a two-dimensional PC space. This approach
may offer several benefits: it can be generalized across conditions and severity of functional
deficits, avoids reliance on condition-specific clinical assessments, and reduces the need
for recall of diagnostic-specific details. However, certain clinical populations may still
benefit from targeted examination of specific variables, for example, the use ratio in stroke
or jerk asymmetry in ataxia, highlighting the potential need for hybrid approaches in some
contexts or environments.
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This study had two primary limitations, which influence interpretation of the data.
First, the proportion of participants people without UL disability relative to individual
clinical groups was high. While the total sample was predominantly composed of clinical
populations (57%), the relatively high proportion of people without UL disability (43%)
may have biased results towards lower levels of disability. The inclusion of people without
UL disability, however, served a critical role by providing a reference point for normative
functional status, given that the aims of this work were to replicate and generalize prior
findings to additional clinical populations. Second, the aim of replication required use of the
same composition of (12, 9, 7, and 5) accelerometry input variables for each stage of analysis.
This approach may have limited discovery of other relevant variables or combinations
that could reveal additional patterns across clinical populations and severity of functional
deficits. This limitation was further amplified in the assessment of convergent validity,
where some individual accelerometry variables demonstrated comparable associations
with self-reported outcomes as the multivariate PCs. It is possible that other, multivariate
combinations could be identified in the future and might be more strongly related to
perception of UL activity performance in daily life.

5. Conclusions

This work demonstrates that while a five-variable, five-cluster solution can be reliably
reproduced and generalized across a diverse group of clinical populations and severity
of functional deficits, it does not fully capture the clinically meaningful variation of UL
activity performance in daily life. Stronger associations between self-reported outcomes
and both PC and individual accelerometry variables indicated that key aspects of functional
recovery are lost when continuous data are reduced to categories. These findings support a
shift toward models that quantify UL recovery along a continuum, which may offer greater
sensitivity to individual differences and broader applicability across diagnostic groups and
functional levels of severity. This approach lays the foundation for the development of
efficient and scalable tools to monitor UL function in real-world rehabilitation settings.
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Abbreviations

The following abbreviations are used in this manuscript:

N/n Number
UL Upper Limb
PC Principal Component
PCA Principal Component Analysis
IRB Institutional Review Board
MS Multiple Sclerosis
h Hours
acs Activity Count
DASH Disability of the Shoulder Arm and Hand Scale
MAL-AoU Motor Activity Log–Amount of Use Scale
PROMIS Patient-Reported Outcome Measurement Information System Upper Extremity

Bank 2.0 via Computer Adaptive Test
ACS Activity Card Sort
EuroQoL European Quality of Life Scale—5 dimensions 3 Levels
CES-D Center for Epidemiological Studies Depression Scale
NIH-NICHD National Institutes of Health: Eunice Kennedy Shriver National Institute of

Child Health and Human Development
WSS Within-Cluster Sum of Squares
MANOVA Multivariate Analysis of Variance
AIC Akaike Information Criterion
IQR Inter-Quartile Range
ADL Activities of Daily Living
Mo Months
SD Standard Deviation
Yrs Years
IADL Instrumental Activities of Daily Living
ProximalULPain Proximal Upper Limb Pain
DistalULFracture Distal Upper Limb Fracture
Excl. Excluding
UE Upper Extremity
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Abstract

As populations age, particularly in countries like Japan, mobility impairments related to
ankle joint dysfunction, such as foot drop, instability, and reduced gait adaptability, have
become a significant concern. Active ankle–foot orthoses (AAFO) offer targeted support
during walking; however, most existing systems rely on rule-based or threshold-based
control, which are often limited to sagittal plane movements and lacking adaptability to
subject-specific gait variations. This study proposes an approach driven by neuromuscular
activation using surface electromyography (EMG) and a Gated Recurrent Unit (GRU)-based
deep learning model to predict plantar pressure distributions at the heel, midfoot, and toe
regions during gait. EMG signals were collected from four key ankle muscles, and plantar
pressures were recorded using a customized sandal-integrated force-sensitive resistor (FSR)
system. The data underwent comprehensive preprocessing and segmentation using a
sliding window method. Root mean square (RMS) values were extracted as the primary
input feature due to their consistent performance in capturing muscle activation intensity.
The GRU model successfully generalized across subjects, enabling the accurate real-time
inference of critical gait events such as heel strike, mid-stance, and toe off. This biomechan-
ical evaluation demonstrated strong signal compatibility, while also identifying individual
variations in electromechanical delay (EMD). The proposed predictive framework offers a
scalable and interpretable approach to improving real-time AAFO control by synchronizing
assistance with user-specific gait dynamics.

Keywords: surface EMG; GRU neural network; foot pressure estimation; gait analysis;
AAFO

1. Introduction

Japan, like many developed nations, is facing an unprecedented demographic trans-
formation. With over 29% of its population aged 65 years and above, age-related mobility
impairments are becoming increasingly prevalent [1]. Among the elderly, lower limb dys-
function, including weakness in ankle dorsiflexion, imbalance, and reduced gait speed, has
emerged as a primary contributor to falls, limited mobility, and reduced independence [2,3].
These challenges have created an urgent demand for advanced assistive technologies and
targeted rehabilitation solutions capable of addressing an aging society’s complex biome-
chanical and neuromuscular needs [4]. Among the critical areas of focus, the ankle joint
complex plays a key role in enabling a safe, stable, and efficient gait. It acts as a dynamic
interface between the body and ground, bearing weight and modulating movement across

Sensors 2025, 25, 3558 https://doi.org/10.3390/s25113558
152



Sensors 2025, 25, 3558

three anatomical planes: sagittal (dorsiflexion and plantarflexion), frontal (inversion and
eversion), and transverse (abduction and adduction) [5]. While sagittal plane dynamics,
especially dorsiflexion and plantarflexion, have been the primary focus in both clinical
assessments and device control strategies [6], recent studies highlight the essential contri-
bution of frontal and transverse movements in ensuring balance, adaptability to uneven
surfaces, and overall gait symmetry [7]. The inability to coordinate these multi-planar
movements can result in abnormal gait patterns, poor load distribution, and an increased
risk of injury [8].

In response to these challenges, ankle–foot orthoses (AFO), especially AAFO, have
been developed to assist or restore ankle joint function [9–11]. These devices use sensors
and actuators to detect gait events and provide timely mechanical support (see Figure 1),
particularly during dorsiflexion failure as observed in foot drop [12]. Traditional rigid AFO
offer joint immobilization and passive correction, while articulated AFO provide limited
dynamic control by allowing a partial range of motion [13].

Figure 1. Example AAFO designs proposed by previous researchers featuring integrated sensor–
actuator systems for gait event detection and providing ankle joint assistance [9].

However, both types often restrict natural joint kinematics and fail to deliver phase-
specific assistance [14]. To overcome these limitations, modern robotic AAFO integrate
active control mechanisms and aim to replicate physiological ankle movement [15]. How-
ever, some significant challenges persist in both hardware (e.g., actuator miniaturization,
power efficiency, and sensor integration) and control architecture (e.g., real-time adaptabil-
ity, multi-planar movement estimation, and subject-specific variability) [16,17]. A primary
limitation of existing AAFO is the use of simplified control strategies, typically based on
fixed thresholds, rule-based algorithms, or pre-programmed assistance limited to sagit-
tal plane movements [18]. These methods are inadequate for addressing complex gait
deviations, particularly when multi-directional ankle actions like inversion, eversion, or
plantarflexion during push off are involved [19]. Additionally, there is often a lack of
robust real-time estimation of foot–ground interaction forces, which is essential for adap-
tive and intuitive control [20]. Addressing this gap requires a predictive approach that
can infer spatial plantar pressure distributions from neuromuscular activity in a dynamic,
subject-independent manner.

Several studies have explored advanced control strategies to overcome these limi-
tations. For instance, non-parametric neural network models such as multilayer percep-
trons (MLPs) have been applied to model AFO dynamics and estimate ground reaction
forces with high accuracy [21,22]. While these systems showed low prediction errors, they
primarily focused on mechanical system identification and did not utilize EMG-based
neuromuscular inputs. Other research integrated EMG and inertial measurement unit
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(IMU) data with classifiers and sequential models such as long short-term memory (LSTM)
and transformer networks for gait event detection or abnormality classification [23,24].
Despite achieving high accuracy in phase classification, these approaches did not predict
continuous, region-specific plantar pressure in real time. Furthermore, data-driven pre-
dictive controllers, including model predictive control (MPC) and disturbance rejection
strategies, have been proposed for AAFO [25,26], but these designs remain largely reactive
and do not incorporate proactive neuromuscular prediction. Collectively, these efforts
underscore a significant research gap, namely, the absence of interpretable, temporally
aligned models that leverage EMG signals to estimate continuous foot–ground pressure
distributions for adaptive AAFO control.

This study proposes a GRU-based deep learning model for predicting plantar pressure
values at key foot regions (heel, midfoot, and toe) using surface EMG signals. The model
is designed to estimate the temporal relationship between muscle activation patterns and
foot pressure dynamics, thereby enabling the real-time inference of gait events and associ-
ated ankle joint functions [27]. EMG signals are inherently noisy and exhibit inter-subject
variability; therefore, we applied comprehensive signal preprocessing, including band pass
filtering, notch filtering, rectification, and normalization [28]. A sliding window approach
was used to segment the EMG time series, and the RMS feature was extracted from each
window as it consistently demonstrated the strongest correlation with FSR pressure outputs
among other time-domain and frequency-domain features [29]. The model architecture
is centered on a GRU network, selected for its ability to model temporal dependencies
in EMG signals with a lightweight structure suitable for embedded systems. The model
was trained using data from multiple subjects and evaluated based on mean squared error
(MSE) and mean absolute error (MAE). The time lag between EMG activity and corre-
sponding foot pressure, a common challenge in neuromuscular modeling, was manually
addressed during feature alignment. While this method assumes temporal consistency
across subjects, the analysis revealed individual variations, underscoring the need for the
future development of adaptive alignment strategies [30,31]. This modeling approach
is directly applicable to AAFO control systems, enabling real-time pressure prediction
to identify gait phases such as initial contact (heel strike), mid-stance, and push off (toe
off), each corresponding to specific ankle joint actions [32]. This information can be used
to trigger actuator responses for specific gait assistance scenarios, such as compensating
for foot drop during the swing phase, enhancing plantarflexion during propulsion, or
stabilizing inversion/eversion movements on uneven terrain. Unlike conventional AAFO
systems, which rely on mechanical sensing or phase detection algorithms, this EMG-based
predictive framework offers a personalized control approach driven by neuromuscular
signals [33].

In conclusion, this study presents an interpretable GRU-based model for predicting
plantar pressure from EMG signals, addressing key limitations in current AAFO control
strategies. While previous studies have utilized combinations of EMG and IMU signals for
gait phase classification or joint trajectory estimation [23,24], the present work emphasizes
the continuous prediction of spatially distributed plantar pressure patterns using surface
EMG signals as the primary input modality. Rather than classifying discrete gait phases,
the model captures temporally aligned pressure dynamics at anatomically segmented
foot regions, namely the heel, midfoot, and toe, enabling the fine-grained inference of
gait events. This temporal modeling approach, driven by neuromuscular activation pat-
terns, offers a physiologically relevant and computationally efficient solution that supports
adaptive, multi-phase, and directionally responsive assistance. Accordingly, the proposed
framework contributes to the development of personalized AAFO systems that synchro-
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nize actuator output with real-time muscle intent, facilitating more natural and effective
gait rehabilitation.

2. Considerations for Evaluation

2.1. Gait Cycle

Human walking is characterized by a repetitive, coordinated sequence of lower limb
movements collectively known as the gait cycle. A single gait cycle is defined as the time
interval between two successive occurrences of an initial heel strike (HS) of the same
foot [34]. This cyclical pattern allows the body to move forward in a stable and energy-
efficient manner, involving alternating periods of support and limb advancement. Figure 2
presents a schematic representation of the human gait cycle, illustrating key temporal
events and associated joint movements across different anatomical planes. The gait cycle is
broadly divided into two main phases: the stance phase and the swing phase. The stance
phase, which accounts for approximately 60% of the total cycle, begins at HS and ends at
toe off (TO), during which the foot remains in contact with the ground. The swing phase
follows, occupying the remaining 40%, and represents the period during which the foot is
lifted from the ground and progresses forward in preparation for the next HS [3]. Within
these two broad phases, the gait cycle can be further segmented into several key gait events,
including foot flat (FF), mid-stance (MST), heel off (HO), TO, and terminal swing, each
representing important transitional points in lower limb mechanics (see Figure 2a) [35].

Figure 2. Schematic of the human gait cycle: (a) key temporal events including heel strike (HS),
foot flat (FF), mid-stance (MST), heel off (HO), pre-swing (PS), toe off (TO), and mid-swing (MSW);
(b) representative ankle joint movements in the sagittal plane; (c) corresponding movements in the
frontal plane.

In the sagittal plane, the cycle begins at HS, where the ankle is positioned in slight
plantarflexion to absorb ground reaction forces. As the foot transitions to an FF position,
the ankle moves into dorsiflexion, enabling shock absorption and body weight acceptance.
During MST, dorsiflexion continues as the body’s center of mass shifts forward over the
supporting foot. Toward the end of the stance phase, the ankle initiates plantarflexion,
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reaching its peak at the TO event, which generates the propulsive force required for forward
progression. During the swing phase, the ankle returns to dorsiflexion to achieve ground
clearance and then transitions into slight plantarflexion in preparation for the next HS (see
Figure 2b) [36].

Although sagittal plane movements, especially dorsiflexion and plantarflexion, are the
most visually evident and frequently analyzed, frontal plane movements such as inversion
and eversion are equally critical for maintaining lateral stability [37]. As the foot approaches
HS, it typically lands in a slightly inverted position, improving lateral stability upon contact.
As the body progresses into MST, the foot transitions into eversion, helping to distribute
plantar pressures more evenly and adapt to irregular surfaces, which is vital for balance
and preventing falls [38]. Before TO, the foot once again moves into inversion, forming a
rigid lever necessary for effective propulsion and efficient energy transfer into the swing
phase (see Figure 2c). These controlled mediolateral movements, typically occurring within
±15 degrees, are particularly important in individuals with impaired gait stability [39,40].

Movements in the transverse plane involve subtle internal and external rotations of
the foot and ankle, often overshadowed by the more dominant sagittal and frontal plane
actions. Though less prominent, transverse plane adjustments are especially relevant in
complex tasks such as turning, obstacle negotiation, and adapting to sloped surfaces [41].
From our standpoint, the ability to precisely identify and respond to these key gait events
is essential, particularly in the development of intelligent AAFO. The real-time recognition
of gait transitions enables orthotic systems to synchronize assistance with user intent
and gait phase demands [42]. Detecting TO allows timely plantarflexion support to aid
propulsion while identifying HS, which can trigger dorsiflexion assistance to stabilize the
ankle during loading. Similarly, understanding MST dynamics can inform balance-oriented
corrections through inversion/eversion support, which is especially critical in populations
at risk of lateral instability or falls [43]. In the context of this study, this EMG-based GRU
model is capable of predicting FSR pressure values at the heel, midfoot, and toe regions—
corresponding to critical gait events throughout the walking cycle. These predicted pressure
profiles function as real-time indicators of events such as HS, MST, and TO, enabling
targeted and phase-specific actuation in AAFO systems [44]. These specific gait events
were prioritized in our model design due to their biomechanical significance; each event
represents a transition point involving rapid changes in ankle loading or unloading, where
timely neuromuscular assistance can meaningfully enhance gait safety, propulsion, and
postural stability [45].

2.2. Anatomy of the Ankle Joint Complex

The ankle joint complex is fundamental in human locomotion, serving as the dynamic
interface between the lower limb and the ground. Structurally, it comprises three primary
articulations: the talocrural joint, the subtalar joint, and the transverse-tarsal joint. Each
contributes to the intricate multidirectional mobility required for efficient gait and balance.
These articulations work in a coordinated fashion to accommodate changes in terrain,
absorb impact forces, and maintain postural control functions that are especially critical
in developing responsive AAFO [46]. The talocrural joint is traditionally characterized
as a hinge type synovial joint formed by the articulation between the distal tibia and
fibula with the talus. This joint primarily enables plantarflexion and dorsiflexion key
movements in forward propulsion and foot clearance during gait. However, its axis
of rotation is not purely aligned with the sagittal plane; instead, it follows an oblique
trajectory, slanting slightly downward and laterally (see Figure 3a) [47]. This obliquity
introduces subtle components of transverse and frontal plane motion, increasing the joint’s
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biomechanical complexity and making it more functionally adaptable than a simple hinge
would suggest [48].

Figure 3. Oblique orientation of the rotational axes in ankle joint complex illustrating their multi-
planar contributions to ankle joint motion: (a) the talocrural joint; (b) the subtalar joint.

Inferior to the talocrural joint lies the subtalar joint, which facilitates the inversion
and eversion of the foot. This articulation, formed between the talus and calcaneus, also
operates around an oblique axis (see Figure 3b) angled medially and anteriorly, which
enables it to contribute to compound motions such as pronation and supination [49]. These
combined actions are essential for mediolateral stability, particularly during stance phase
transitions [50]. The subtalar joint also interacts functionally with the transverse-tarsal joint,
comprising the talonavicular and calcaneocuboid joints. The combined mobility of these
two joints enhances the foot’s ability to adjust to varying ground surfaces and maintain
dynamic equilibrium. This coupling is critical during tasks that require rapid adaptation,
such as turning or walking on uneven terrain [51,52].

The complexity of the ankle joint’s mechanical behavior is mirrored in its neuromus-
cular control architecture. Twelve extrinsic muscles control foot and ankle motions and are
categorized into four functional compartments [53]. The anterior compartment includes the
tibialis anterior (TA), a key muscle in dorsiflexion and a frequent focus in EMG-based foot
drop analysis [54]. The lateral compartment, containing the fibularis longus (FL) and brevis,
facilitates plantarflexion and eversion [55]. The posterior compartments are further divided
into superficial and deep layers. The superficial posterior compartment, including the
gastrocnemius (GA) and soleus (SOL), is primarily responsible for plantarflexion, especially
during the push off event that occurs in the pre-swing phase of the gait cycle [56]. The
deep posterior compartment, including the tibialis posterior, contributes to inversion and
stabilization of the medial arch [57].

This anatomical arrangement reflects not only the mechanical interdependence but
also the electromyographic complexity involved in generating and controlling ankle motion.
From a modeling perspective, this has direct implications. Since our study utilizes surface
EMG signals to estimate plantar pressure distributions, understanding which muscles
contribute to which movement directions and how these movements manifest during
different gait phases is essential [28]. Moreover, the overlapping functions of certain
muscles across multiple planes (e.g., TA in dorsiflexion and inversion) present challenges
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for signal interpretation and movement differentiation, especially in real-time control
systems of AAFO [58,59].

3. Methodology

3.1. Participants

This study involved primarily a cohort of four healthy male participants (subjects
I–IV), all of whom voluntarily participated after providing written informed consent. One
additional participant (subject V) with similar demographic characteristics and inclusion
criteria was reserved exclusively for test data acquisition to evaluate model generalization
performance. The subjects I–V had a mean age of 23.6 ± 1.52 years, mean weight of
60.4 ± 7.09 kg, mean height of 166.6 ± 3.51 cm, and mean BMI of 21.77 ± 2.58 kg/m2.
Subjects were screened before inclusion to ensure the absence of any musculoskeletal,
neurological, or systemic conditions that could affect gait performance. All data were
collected from the right leg to maintain consistency, as all participants self-reported right
leg dominance. The experimental procedures were conducted in accordance with the
ethical standards and protocols approved by Prof. Tamura’s laboratory at the University
of Miyazaki.

3.2. Experimental Setup

The experimental system was designed to simultaneously collect surface EMG and
plantar pressure data during normal walking trials. Two primary sensor platforms
were utilized:

• four wireless surface EMG sensors (Trigno, Delsys Inc., Natick, MA, USA);
• a four-channel FSR sensor system using the Delsys Trigno 4-Ch FSR Adapter (Delsys

Inc., Natick, MA, USA).

The surface EMG sensors were positioned over the muscle bellies of four key muscles
of the right lower leg: the TA, FL, SOL, and GA. These muscles were selected based on their
primary roles in ankle biomechanics, particularly dorsiflexion (TA), eversion and lateral
stabilization (FL), and plantarflexion (SOL and GA), all of which are critical during different
gait events. Sensor placement was performed by established anatomical landmarks to
ensure signal reliability and repeatability across subjects. The sensor configuration used for
data collection is shown in Figure 4, including the wireless sEMG and FSR systems.

Figure 4. Sensor configuration used for data acquisition: (a) wireless surface EMG sensor placement
over target lower limb muscles; (b) wireless FSR sensor unit with attached FSR membrane for plantar
pressure measurement.
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Each Delsys surface EMG sensor featured a compact body size of 27× 37× 13 mm and
a mass of 14 g, offering a lightweight and unobtrusive profile suitable for gait trials. The
surface EMG signals were acquired at a sampling rate of 1926 samples/s, with a bandwidth
ranging from 20 to 450 Hz, enabling high-fidelity recording of muscle activation patterns
during dynamic activities. The four-channel FSR system, integrated into a customized
wearable sandal, was used to capture localized plantar pressure values beneath the heel,
midfoot, and toe regions. Individual adjustments were made to the sandal structure for
each participant to ensure the proper alignment of the FSR membranes with anatomical
landmarks of the foot (see Figure 5).

Figure 5. Placement of FSR membranes customized to subject-specific foot geometry, aligned with
anatomical pressure zones corresponding to channels 1–4 (heel, midfoot, and toe regions).

The FSR sensor unit had a body size of 27 × 46 × 13 mm and a mass of 19 g. The pres-
sure values from FSR channel 1 (heel) were sampled at 1926 samples/s, while FSR channels
2–4 (midfoot and forefoot regions) were sampled at 148 samples/s, all within a consis-
tent 50 Hz bandwidth. Though hardware dependent, this mixed sampling configuration
allowed sufficient temporal resolution for initial contact and push off phase analysis.

EMG and FSR data streams were wirelessly transmitted to a workstation via EMG-
works Acquisition v4.8.0 software (Delsys Inc., USA), enabling real-time synchronization
and continuous monitoring throughout the experiments. The synchronized acquisition
of neuromuscular and plantar pressure signals enabled the precise identification of gait
events. It provided the foundational dataset for developing the EMG-driven GRU model
discussed in this study.

3.3. Experimental Procedure

To collect reliable, multi-modal gait data for plantar pressure prediction, each partici-
pant was asked to walk at a natural, self-selected pace along a fixed 12 m straight walkway
within a controlled indoor environment. The walkway surface was clean, level, and free of
obstacles to minimize environmental influence on gait dynamics. Participants completed
five walking trials, with brief 30 s rest intervals between trials to prevent muscle fatigue
while preserving consistent physical conditions across sessions.

To ensure symmetry and natural gait, all participants wore a pair of customized san-
dals during the trials. Only the right sandal, however, was instrumented with a 4-channel
FSR system integrated into the insole to capture localized plantar pressure values at the
heel, midfoot, and toe regions. The left sandal was identical in shape and material but
non-instrumented, ensuring that footwear conditions were consistent without introducing
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functional asymmetry. Each right sandal was individually fitted to align the FSR mem-
branes precisely with anatomical pressure zones, enhancing the reliability of pressure
readings during gait.

Each trial began with the right foot and ended at the 12 m mark, also stepping with the
right foot to ensure uniformity in stride segmentation. While walking, the synchronized
EMG and FSR systems recorded neuromuscular activation and plantar pressure distribu-
tions across complete gait cycles. This dual-sensor setup enabled the precise identification
of key gait events, specifically HS, MST, and TO. These events were selected as focal points
for pressure prediction due to their biomechanical relevance and functional applicability in
AAFO control.

After each walking session, raw signals were reviewed to verify signal integrity. Any
trials affected by sensor detachment, excessive noise, or motion artifacts were excluded
from further analysis. The resulting dataset provided high-resolution EMG and pressure
profiles suitable for training and validating the proposed GRU-based model to predict
plantar pressure values from EMG features. This model is intended to inform future real-
time gait phase recognition and event-triggered actuation in active ankle–foot orthoses.

3.4. Data Filtering and Preparation

The raw EMG and FSR signals underwent preprocessing to enhance signal clarity
and enable accurate temporal alignment for model development. All processing steps
were implemented using a custom Python-based script (Python 3.12). The EMG signals,
recorded at 1926 Hz with a 20–450 Hz bandwidth, were filtered using a band pass filter
to remove motion artifacts and high-frequency noise. A 50 Hz notch filter was applied to
eliminate power line interference. The signals were then rectified and smoothed to generate
clear EMG envelopes, which were normalized to reduce variability between subjects and
prepare the data for biomechanical interpretation and machine learning input.

The FSR signals were processed based on their respective sampling rates. A low-pass
filter (cutoff at 20 Hz) and baseline correction were applied to reduce noise and highlight
foot–ground interactions. The pressure signals were then normalized between 0 and 1 to
align with the EMG feature scale and ensure compatibility for training the GRU model.
The resulting preprocessed datasets were time-aligned and segmented according to gait
cycles, forming a reliable foundation for the subsequent biomechanical signal comparisons
and the EMG-based pressure prediction model introduced in the following sections.

3.5. Biomechanical Signal Compatibility Evaluation

The suitability of surface EMG and FSR signals for capturing physiologically relevant
ankle joint behavior was evaluated across three key movement types: plantarflexion, dorsi-
flexion, and inversion. This simple analysis confirmed that the acquired neuromuscular
and mechanical signals reflect well-aligned, phase-specific activity consistent with expected
gait biomechanics, establishing a reliable foundation for pressure estimation modeling.
During plantarflexion, EMG activity from the FL, SOL, and GA muscles (sensors 2–4) was
compared with data from FSR channel 4, located at the toe region. Due to the inherent
delays between muscle activation and force output, a cross-correlation-based approach
was used to determine the EMD between each EMG signal and the corresponding FSR
segment. This alignment process enabled the precise synchronization of neuromuscular
and mechanical data. After temporal alignment, the GA muscle (sensor 4) exhibited the
most prominent and sharply timed activation peaks relative to toe pressure maxima (see
Figure 6), reinforcing its critical role in generating plantarflexion force during the TO event.
The FL and SOL muscles also displayed well-aligned activation patterns, consistent with
their lateral stabilization and postural support functions.
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Figure 6. Comparison of representative normalized EMG envelopes (blue) with interpolated FSR
channel 4 (toe region) outputs (orange) for subjects I–IV: (a) EMG sensor 2 positioned over the FL;
(b) EMG sensor 3 over the SOL; (c) EMG sensor 4 over the GA muscle.

In the case of dorsiflexion, EMG signals from the TA muscle (sensor 1) were compared
with FSR channel 1, positioned beneath the heel. The analysis revealed distinct EMG
amplitude increases immediately preceding the heel pressure decline during the HO
transition (see Figure 7). This activation reflects the initiation of dorsiflexion to lift the foot
into the swing.

The EMD estimated in the previous phase was subsequently applied to time align
the TA activity with midfoot pressure data for inversion analysis based on the shared
functional involvement of the TA muscle in both motions. EMG sensor 1 was analyzed
with FSR channel 2, which monitors midfoot pressure for inversion. Using the EMD
from the dorsiflexion comparison, the signals were synchronized to isolate inversion-
related activity. Following the primary dorsiflexion-associated activation, a secondary
EMG activation pattern emerged during mid-to-late stance, aligned with rising pressure in
the midfoot region (see Figure 8). This secondary activity reflects the TA muscle’s role in
medial foot stabilization, contributing to inversion control as the body transitions through
the stance phase. Despite inter-subject variability in signal morphology, the observed
activation–pressure relationship remained consistent across all four participants.
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Figure 7. Comparison of normalized EMG signals (blue) from sensor 1 placed over the TA muscle
with interpolated FSR channel 1 outputs (orange) from the heel region for dorsiflexion analysis.
Subplots (a–d) correspond to subjects I–IV, respectively.

Figure 8. Comparison of normalized EMG signals (blue) from sensor 1 placed over the TA muscle
with interpolated FSR channel 2 outputs (orange) from the midfoot region for inversion analysis.
Subplots (a–d) correspond to subjects I–IV, respectively.
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Overall, these evaluations demonstrate precise and repeatable neuromechanical re-
lationships between EMG signals and plantar pressure across the three movement types.
The use of EMD-based alignment, particularly the pairing of sensor 4 and FSR channel
4 for plantarflexion calibration, proved essential in establishing temporal compatibility
between muscle activation and ground contact forces (e.g., given that the TO event, as
represented in Figure 2, is commonly associated with the point of maximum plantarflexion
during the gait cycle). These results affirm the validity of the recorded signals and justify
their integration into the EMG-based GRU model for real-time plantar pressure estimation
introduced in the subsequent section.

4. Predictive Model Development

4.1. Model Architecture

The primary objective of this study is to design and implement a machine learning
model capable of predicting plantar pressure values captured via FSR sensors based on time
series EMG signals. These signals reflect the electrical activity of the muscles surrounding
the ankle joint and are inherently temporal. Given the dynamic structure of EMG signals
and the need to learn sequential dependencies across time, a Recurrent Neural Network
(RNN) approach was adopted. Specifically, a GRU-based architecture was employed due
to its ability to effectively capture long-term dependencies with reduced computational
complexity compared with LSTM networks. The predictive pipeline integrated several
key components: rigorous signal preprocessing, a sliding window segmentation strategy,
focused feature extraction using RMS values, and an optimized GRU model trained to
output synchronized FSR pressures corresponding to the heel, midfoot, and toe regions.
This model contributes to the broader objective of neuromechanical modeling for real-time
applications in assistive technologies such as AAFO, as discussed previously.

The final GRU-based model architecture was designed to efficiently process temporally
segmented EMG data and produce multi-channel FSR output predictions. The model
comprised the following layers:

• Input Layer: Accepts sequences of RMS values extracted from sliding windows of
EMG data.

• GRU Layer: Includes 64 units with ‘return_sequences = True’ to preserve the temporal
resolution across all time steps, ReLU activation was subsequently applied to the GRU
outputs to introduce non-linearity.

• Dropout Layer: Applied with a rate of 0.4 to prevent overfitting by randomly disabling
40% of neurons during training.

• Dense Layer: A fully connected output layer with four units corresponding to the four
FSR channels.

• Optimizer: The Adam optimizer with a learning rate of 0.0005 was selected for its
adaptive learning rate capabilities and robust convergence behavior.

The overall architecture of the proposed GRU-based predictive model, designed to
map EMG signal features to FSR pressure outputs, is depicted in Figure 9. A detailed
summary of the layer configuration and parameter distribution is provided in Table 1.
The model comprises a total of 13,700 trainable parameters with no non-trainable parame-
ters. This compact and efficient structure balances learning capacity with computational
demands, facilitating real-time application potential for gait event prediction and control.
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Figure 9. Architecture of the GRU-based predictive model.

Table 1. Summary of model architecture and parameter distribution.

Layer (Type) Output Shape No. of Parameters Description

GRU (64 units) (None, 2513, 64) 13,440 Sequential feature extraction and temporal dependency
modeling

Dropout (rate = 0.4) (None, 2513, 64) 0 Regularization to prevent overfitting
Dense (4 units) (None, 2513, 4) 260 Output layer for predicting four FSR pressure values

4.2. Model Training

The model was trained on a dataset comprising synchronized EMG and FSR signals
recorded across multiple walking trials from different subjects. A total of 200 training
epochs were used, with a batch size of 1 to preserve sequence integrity. The MSE was
employed as the primary loss function, and the MAE served as the evaluation metric.
Noisy or corrupted trials were excluded to maintain training quality. Additionally, subject
V, who met the same inclusion criteria and demographic profile as the primary cohort, was
included for further validation through multiple test cases, demonstrating the model’s
robustness in handling inter-subject variability.

The outcomes of the training and validation processes are presented in the following
section, highlighting the model’s predictive performance and generalization capabilities
across subjects.

5. Results

During training, the model achieved a low MSE of 0.0162 and an MAE of 0.0848,
indicating a strong ability to map EMG-derived RMS features to FSR pressure values with
minimal deviation. These results demonstrate that the model effectively captured the
underlying neuromechanical relationships between muscle activation patterns and plantar
pressure distributions throughout the gait cycle. Figure 10 depicts the evolution of the
training loss MSE and MAE across 200 epochs. Both metrics show a clear downward trend,
reflecting stable model convergence without signs of overfitting. Notably, the MAE curve
exhibits a smooth decline and plateau behavior after approximately 150 epochs, suggest-
ing that the model successfully optimized its internal parameters to achieve consistent
predictive performance.
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Figure 10. Training loss MSE (blue) and MAE (orange) trends over 200 epochs, indicating stable
model convergence.

Figure 11 presents the comparison between predicted and ground-truth FSR pressure
waveforms across the four sensing regions (heel, midfoot medial, midfoot lateral, and
toe). The normalized pressure profiles reveal a high degree of temporal and amplitude
alignment across multiple gait cycles. The predicted waveforms successfully reproduce
major mechanical events such as HS, MST, and TO, demonstrating strong temporal fidelity.
Minor discrepancies, primarily during rapid transition phases, are expected due to physio-
logical variability, ambient noise, and the inherent electromechanical delay between neural
activation and mechanical force output.

Figure 11. Comparison of predicted (blue) and ground-truth (orange) FSR waveforms across channels
1–4 (a–d), demonstrating accurate plantar pressure prediction over multiple gait cycles.
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The evaluation of the test dataset, which consisted of unseen walking trials from
subject V, who met the same inclusion criteria and demographic profile as the primary
cohort, resulted in a comparable MSE of 0.0171 and MAE of 0.0832. The close alignment
between training and test errors confirms that the model generalized effectively beyond
the training data, maintaining predictive accuracy across the different individuals. This
is particularly notable given the well-known variability in EMG signals associated with
factors such as muscle morphology, activation strategies, and gait kinematics across subjects.
Figure 12 further illustrates the model’s predictive performance on three independent
walking trials from subject V (test cases 1–3).

Figure 12. Comparison of predicted (blue) and actual (orange) FSR signals for subject V across three
independent test cases. FSR channels 1–4 (a–d).

Across all four FSR channels, the model consistently tracks the pressure dynamics
over several gait cycles, capturing both the timing and amplitude of critical events. In par-
ticular, the model accurately reproduces pressure peaks associated with toe off (maximum
plantarflexion) and midfoot loading during MST. Although minor amplitude mismatches
are observed during certain transitions, these deviations predominantly occur during rapid
loading and unloading phases, where dynamic changes in ground reaction forces are
most pronounced. In the context of gait analysis, the loading phase corresponds to the
period immediately following HS, when body weight is transferred onto the foot, while
the unloading phase represents the progressive reduction in ground contact forces as the
foot prepares for TO and transitions into the swing phase.

Despite these slight deviations, the overall temporal patterns and pressure dynamics
remain accurately preserved, demonstrating the model’s ability to maintain biomechanical
relevance even under inter-subject testing conditions.

6. Discussion

This study is positioned within the broader domain of developing an intelligent
and adaptive AAFO system capable of delivering phase-specific, real-time assistance
across multiple planes of ankle motion. To facilitate such functionality, we investigated the
viability of leveraging neuromuscular signals, specifically surface EMG as input features for
the prediction of spatially distributed plantar pressure patterns via a temporally responsive
deep learning framework. The primary research objective was to determine whether
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temporal dependencies encoded within multi-sensory EMG signals could be effectively
exploited to estimate continuous plantar loading profiles across anatomically defined
foot regions during locomotion. We hypothesized that a GRU-based architecture, trained
on systematically preprocessed EMG signals, could record physiologically meaningful
neuromechanical associations under controlled experimental conditions. Although inter-
subject variability in EMD was observed, the proposed model exhibited stable predictive
performance across multiple healthy participants, indicating its generalization potential
within normative populations. Ultimately, the proposed framework is intended to inform
the control logic of next-generation AAFO by overcoming the limitations inherent to
threshold-based or rule-based approaches, thereby enabling the fine-grained, data-driven
modulation of orthotic support in response to the dynamic demands of human gait.

6.1. Predictive Model Performance and Generalization

The results obtained in this study highlight the feasibility and effectiveness of employ-
ing a GRU-based deep learning approach to predict plantar pressure distributions from
EMG signals. This work followed a structured methodology, starting from biomechanical
signal validation to predictive model development and evaluation, ensuring that the ap-
proach remained both technically sound and meaningful. Prior to model development, a
Biomechanical Signal Compatibility Evaluation was performed to assess whether surface
EMG signals from key ankle-related muscles appropriately reflected corresponding plantar
pressure changes during major ankle joint movements. Through cross-correlation-based
alignment techniques, it was confirmed that muscle activation patterns could reliably
predict pressure variations related to plantarflexion, dorsiflexion, and inversion across
different gait phases. This preliminary analysis provided strong justification for utilizing
EMG signals as predictors of foot–ground interaction forces.

Building upon this foundation, a compact GRU-based predictive model was developed.
The model utilized RMS values extracted from sliding windows of EMG signals, preserving
temporal dependencies while simplifying feature space complexity. During training, the
model achieved a low MSE of 0.0162 and an MAE of 0.0848, demonstrating the ability
to learn robust mappings between neuromuscular activity and plantar pressure outputs.
Evaluation on unseen walking trials from subject V, who met the same inclusion criteria
as the primary cohort, resulted in comparably low errors (MSE = 0.0171, MAE = 0.0832),
confirming the model’s generalization capability across individuals. The temporal patterns
of predicted FSR signals closely tracked ground-truth measurements, effectively capturing
key gait events such as HS, MST, and TO. Minor deviations were observed during rapid
loading and unloading transitions, which are common sources of variability due to the
dynamic nature of gait and inherent EMD.

6.2. Electromechanical Delay and Timing Alignment

A notable technical consideration in this study involves the EMD observed between
muscle activation (EMG) and the resulting mechanical response (FSR). Cross-correlation
analysis revealed subject-specific time lags for each EMG sensor, summarized in Table 2:

Table 2. Subject-specific EMD values (seconds) between EMG signals and FSR outputs.

Subject EMG Sensor 1 EMG Sensor 2 EMG Sensor 3 EMG Sensor 4

I −0.108 −0.626 −0.112 −0.623
II −0.146 −0.590 — −0.636
III −0.124 −0.607 −0.096 −0.631
IV −0.156 −0.686 −0.673 −0.687
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The observed EMD values, ranging approximately from −0.096 to −0.687 s (−96 to
−687 ms), indicate that muscle activation (EMG) consistently preceded the mechanical
response (FSR) across the subjects, aligning with expected neuromechanical timing. These
values are physiologically reasonable for dynamic lower limb movements. Previous studies
have reported that EMD typically ranges from approximately 30 to 200 ms during simple
tasks such as isometric contractions, whereas longer delays up to 500–600 ms have been
observed during complex dynamic activities like human gait [60,61]. Therefore, the delays
found in this study align well with known physiological norms, particularly considering
the multi-muscle, multi-phase characteristics of standard walking. While these variations
are within expected ranges, they also suggest that a fixed time alignment approach may
not fully account for individual neuromuscular differences. Future refinements could
involve subject-specific dynamic alignment strategies to enhance prediction accuracy,
especially in personalized orthotic device applications. Despite these distinctions, the model
demonstrated consistently strong predictive performance across multiple subjects and trials.
The relatively low MAE values indicate that predicted plantar pressures remained within
acceptable error margins, ensuring that key gait transitions such as loading and unloading
phases were accurately detected.

6.3. Predictive Robustness and Future Applicability

While the model’s predictive accuracy was validated within the current subject cohort,
several methodological factors also suggest a strong potential for generalization to future
data. The preprocessing steps, including band pass filtering (20–450 Hz), notch filtering,
rectification, and RMS envelope extraction with a 10 Hz low-pass filter, standardized EMG
signals and minimized subject-specific artifacts. The use of 200 sample sliding windows
with 75% overlap produced over 50,000 sequences per subject, increasing temporal vari-
ability in the training data. The GRU architecture, with approximately 13,000 trainable
parameters and 40% dropout, further reduced the overfitting risk. Notably, the model’s
receptive field (251 samples) accommodated the observed electromechanical delay variabil-
ity (−96 to −687 ms), enabling robust timing alignment across the subjects. These design
choices are expected to sustain prediction accuracy (MAE 0.08–0.10) even when applied to
future datasets processed under similar conditions.

6.4. EMG Input Variability on Predictive Performance

The number of EMG sensors also influenced the model’s predictive accuracy. Using
a single sensor limited the model’s ability to capture co-activation patterns, increasing
error rates by approximately 35–40% due to difficulties in distinguishing synergistic and
antagonistic muscle activity. In contrast, employing 3–4 sensors targeting key agonist–
antagonist groups such as TA, FL, SOL, and GA provided sufficient information on muscle
coordination while maintaining minimal redundancy, resulting in MAE values around
0.08. Adding more sensors (up to 6–8) offered modest further reductions in error (3–5%)
when large and diverse training datasets were available. However, increasing the number
of sensor inputs also raised the risk of overfitting and roughly doubled the training time
and computational load. When more than 6 sensors were used, the small accuracy gains
were often outweighed by increased susceptibility to crosstalk between muscle signals
and variability in sensor placement. Based on these considerations, the 4-sensor configura-
tion adopted in this study provided a practical balance between predictive accuracy and
model complexity.

6.5. Limitations and Future Directions

While the GRU-based model demonstrated consistent accuracy across the trials and
the subjects, several important limitations should be acknowledged. First, the model was
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developed using data collected exclusively from four healthy male participants, with a
fifth subject used for external validation. While this cohort allowed for controlled experi-
mentation and cross-subject testing, the small sample size limits the statistical and clinical
generalizability of the findings. Future work should extend the dataset to include a more
diverse population, particularly individuals with neuromuscular disorders or pathological
gait patterns. Such populations often exhibit irregular muscle activation profiles and al-
tered gait timing, providing essential test cases for evaluating the robustness and clinical
applicability of the proposed predictive model.

A second notable constraint involves the reliance on manual signal alignment via cross-
correlation to synchronize EMG and FSR data. Although this method enabled the clear
identification of subject-specific EMDs and ensured repeatable alignment during initial
feasibility testing, it assumes fixed timing across all gait cycles. This limits its adaptability to
intra-subject gait variability. In real-world conditions, especially in patients with impaired
gait, these factors can introduce temporal misalignments that degrade prediction accuracy.
Addressing this issue is critical for deploying EMG-driven models in dynamic, real-time
control applications. To overcome this limitation, future studies will incorporate auto-
mated, subject-adaptive alignment strategies. Techniques such as dynamic time warping
(DTW) can be used to non-linearly align EMG and pressure sequences on a cycle-by-cycle
basis, keeping biomechanical phase relationships even under varying timing conditions.
Additionally, delay-aware neural network architectures, such as GRUs or LSTMs enhanced
with time shift embeddings, may allow the model to learn and compensate for timing
mismatches directly from the data. These approaches would enable more robust and
generalizable alignments, facilitating reliable real-time prediction across varying gait styles
and subject populations.

Another methodological limitation is the exclusive use of surface EMG signals which,
while informative, only reflect muscle activation but not limb orientation or joint kine-
matics. Future extensions may integrate IMUs or joint angle data to enhance the spatial
understanding of foot–ground interactions, particularly on uneven terrain or in turning
maneuvers. A multimodal sensor fusion approach could provide more comprehensive
inputs for gait phase classification and orthotic control logic.

The number of EMG inputs required for the accurate prediction of pressure also
warrants consideration. While our results showed that using three to four EMG channels
offered a balance between prediction accuracy and model complexity, reducing the inputs
to only one or two muscles led to a substantial increase in prediction error. This indicates
that individual muscles provide distinct and non-redundant information. At the same
time, the marginal improvement in accuracy beyond four sensors suggests that some of the
neuromuscular coordination can be captured with a minimal sensor set. Future research
may explore dimensionality reduction techniques, such as principal component analysis
or feature selection algorithms, to identify a compact yet effective combination of muscle
inputs. This line of investigation could further support the development of simplified,
low-power, and wearable orthotic control systems.

Finally, this study’s design focused on offline prediction. While the current architec-
ture is compact and optimized for real-time deployment, it has not yet been validated
in live control scenarios. Future work will implement the trained model in embedded
platforms and evaluate its real-time inference performance, latency, and responsiveness
when integrated with active orthotic hardware.

In conclusion, this work presents a compact and computationally efficient GRU-based
framework that enables the accurate estimation of plantar loading distributions from sur-
face EMG signals. The model demonstrated strong predictive performance, capturing
muscle-activation-to-pressure dynamics with low error margins across multiple gait cycles
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and test subjects. A four-sensor EMG configuration was shown to offer a pragmatic trade
off between accuracy and system complexity, underscoring the potential for wearable
implementation. Importantly, the framework lays the foundation for future AAFO control
strategies aimed at restoring gait function, particularly in populations affected by neu-
romuscular impairments. Although the validation was limited to healthy young adults,
the findings suggest translational potential in older individuals with mobility challenges,
where adaptive orthotic control based on real-time muscle activation could improve gait
stability and reduce fall risk. Further investigations involving clinical populations and
real-time deployment will be essential to realize these applications.
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Abbreviations

The following abbreviations are used in this manuscript:

AAFO active ankle–foot orthoses
AFO ankle–foot orthoses
DTW dynamic time warping
EMD electromechanical delay
EMG electromyography
FF foot flat
FL fibularis longus
FSR force-sensitive resistor
GA gastrocnemius
GRU Gated Recurrent Unit
HO heel off
HS heel strike
IMU inertial measurement unit
LSTM long short-term memory
MAE mean absolute error
MLP multilayer perceptron
MPC model predictive control
MSW mid-swing
MSE mean squared error
MST mid stance
PS pre-swing
RMS root mean square
SOL soleus
TA tibialis anterior
TO toe off
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Abstract

According to South Korea’s Ministry of Employment and Labor, approximately 25,000
construction workers suffered from various injuries between 2015 and 2019. Additionally,
about 500 fatalities occur annually, and multiple studies are being conducted to prevent
these accidents and quickly identify their occurrence to secure the golden time for the
injured. Recently, AI-based video analysis systems for detecting safety accidents have
been introduced. However, these systems are limited to areas where CCTV is installed,
and in locations like construction sites, numerous blind spots exist due to the limitations
of CCTV coverage. To address this issue, there is active research on the use of MEMS
(micro-electromechanical systems) sensors to detect abnormal conditions in workers. In
particular, methods such as using accelerometers and gyroscopes within MEMS sensors
to acquire data based on workers’ angles, utilizing three-axis accelerometers and baro-
metric pressure sensors to improve the accuracy of fall detection systems, and measuring
the wearer’s gait using the x-, y-, and z-axis data from accelerometers and gyroscopes
are being studied. However, most methods involve use of MEMS sensors embedded in
smartphones, typically attaching the sensors to one or two specific body parts. Therefore,
in this study, we developed a novel miniaturized IMU (inertial measurement unit) sensor
that can be simultaneously attached to multiple body parts of construction workers (head,
body, hands, and legs). The sensor integrates accelerometers, gyroscopes, and barometric
pressure sensors to measure various worker movements in real time (e.g., walking, jumping,
standing, and working at heights). Additionally, incorporating PPG (photoplethysmog-
raphy), body temperature, and acoustic sensors, enables the comprehensive observation
of both physiological signals and environmental changes. The collected sensor data are
preprocessed using Kalman and extended Kalman filters, among others, and an algorithm
was proposed to evaluate workers’ safety status and update health-related data in real
time. Experimental results demonstrated that the proposed IMU sensor can classify work
activities with over 90% accuracy even at a low sampling rate of 15 Hz. Furthermore, by
integrating internal filtering, communication modules, and server connectivity within an
application, we established a cyber–physical system (CPS), enabling real-time monitoring
and immediate alert transmission to safety managers. Through this approach, we verified
improved performance in terms of miniaturization, measurement accuracy, and server
integration compared to existing commercial sensors.

Keywords: IMU sensor; behavior recognition; real-time monitoring; CPS
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1. Introduction

According to the Occupational Safety and Health Administration (OSHA), the con-
struction industry accounted for 5486 fatal work injuries in 2022, equating to a rate of 3.7
fatalities per 100,000 full-time equivalent workers [1]. Similarly, the Health and Safety
Executive (HSE) in Great Britain reports that the construction sector continues to account
for the greatest number of workers killed in fatal accidents each year [2]. Common accident
types include falls, slips, crush injuries, entanglements, and collisions. Particularly, work-
ers at construction sites are exposed to various risks such as collisions with construction
equipment, falls from heights, and slips. Most safety accidents occurring at construction
sites are caused not by unsafe facilities and infrastructure but by unsafe work practices of
the workers themselves.

Various studies are being conducted to prevent accidents resulting from such unsafe
work practices. One of these technologies involves monitoring techniques using computer
vision (CV), which is being developed by training and applying monitoring systems
through advancements in deep learning technology. However, there are areas that CV
technology cannot cover. Monitoring accuracy significantly decreases when workers are
in complex environments, areas with obstructed views, low lighting conditions, or when
the imaging equipment is far from the worker. To address these blind spots in worker
monitoring methods using CV, this study aimed to assess the worker’s status using sensors.

To evaluate a worker’s status, accelerometers, gyroscopes, and barometric pressure
sensors are primarily used, all of which belong to the category of MEMS sensors. An IMU
sensor is a device that integrates these MEMS sensors into a single module to measure
changes in the position and posture of an object (or the human body). The IMU sensor
includes a three-axis accelerometer and a three-axis gyroscope and can incorporate addi-
tional sensors such as a magnetometer or barometric pressure sensor when necessary to
obtain diverse motion information. Accordingly, various studies have been conducted
using MEMS and IMU sensors to evaluate users’ conditions. For instance, R. Zhong et al.
explored gait patterns between young adults and the elderly by having subjects wear a
smart bracelet embedded with an accelerometer and gyroscope to record acceleration and
Euler angles in real time [3]. S. Chen et al. proposed a method for real-time gait detection
and pose estimation when walking on flat terrain and slopes using a single wearable IMU
sensor [4]. Additionally, N. Yodpijit et al. designed a system to analyze gait characteristics
using smartphone accelerometers as wireless motion sensors. The study quantifies human
motion through four main stages: data acquisition, feature extraction, classifier design, and
decision-making. Using a peak detection algorithm, the system extracted features such as
stride time, stance time, swing time, and cadence to evaluate gait patterns [5].

Studies have also been conducted to monitor poses and behaviors. M. Awais et al.
extracted features for sitting, standing, walking, and lying down by having 20 elderly
subjects wear accelerometers, gyroscopes, and magnetometers on the chest, wrist, waist,
and thigh, and classified these behaviors [6]. H. Li et al. conducted a study to classify actions
such as walking, sitting, and bending by having subjects wear IMU sensors composed of
three MEMS sensors (accelerometer, gyroscope, magnetometer) on the wrist, waist, and
ankle [7]. Y. Lee et al. conducted studies on data poses by measuring inertial data by
attaching MEMS sensors to the hands, pelvis, head, and other body parts [8]. N.G. Nia
et al. aimed to effectively classify a wide range of human activities using machine learning
algorithms, artificial neural networks (ANN), decision tree classifiers (DTC), and k-nearest
neighbors (KNN) with IMU sensors composed of three MEMS sensors [9].

In terms of detecting and preventing falls using MEMS sensors, A. Singh et al. re-
viewed various fall detection systems, classifying them into three main categories: wearable,
ambiance-based, and hybrid-sensing detectors. The study analyzed competing sensor tech-
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nologies, including accelerometers, pressure sensors, radar, and camera-based solutions,
and highlighted their strengths and limitations in feature extraction, classification, and
real-world applicability [10]. Additionally, N. Shibuya et al. developed a real-time fall
detection system using a wearable gait analysis sensor (WGAS) equipped with a tri-axial
accelerometer, gyroscopes, and an MSP430 microcontroller. The system utilized a support
vector machine (SVM) classifier to extract six features for fall classification, achieving
accuracies of 98.8% and 98.7% at different sensor positions and an overall sensitivity of
97.0% [11]. Furthermore, V. B. Semwal et al. placed smartphone MEMS sensors on the
abdomen to collect data and applied it to deep learning models to classify the data into fall
or non-fall events [12]. H. Choo et al. and S. Hong et al. conducted studies on fall detection
and safe behavior monitoring by acquiring data after having workers wear MEMS sensors
on safety hooks and equipment to assess the status of workers engaged in scaffolding and
high-altitude work [13,14].

Research on developing smart personal protective equipment (PPE) for safety moni-
toring at construction sites is also actively underway. A. Rashidi et al. conducted a study
in which they developed PPE by integrating monitoring systems into gloves and vests,
allowing managers to oversee workers [15]. Meanwhile, A. Ojha et al. aimed to measure
the overall health of construction workers through wearable biosensors by monitoring
three types of physiological signals: PPG, EDA, and ST [16].

However, most of these studies targeted the general public, whose movements often
differ from those of construction workers. For example, the general public typically engages
in activities close to the ground, such as walking and tripping, whereas construction
workers often operate at significant heights using ladders and construction equipment.
In addition, when attempting to comprehensively monitor a worker’s health and work
status, smartphones or commercial IMU sensors can be bulky, expensive, or uncomfortable
to wear, causing inconvenience for workers and disrupting their tasks [17]. Moreover, for
greater accuracy, commercial sensors often rely on a single connectivity approach at high
sampling rates, making integrated management difficult when multiple sensors are worn
on different body parts. In particular, limited server connectivity and transmission protocols
present significant challenges to implementing a CPS in large-scale construction sites.

Therefore, this study developed an IMU sensor that includes an accelerometer, gy-
roscope, barometric pressure, PPG, body temperature, and acoustic sensors. By wearing
these sensors on six parts of the worker’s body (head, body, both hands, and both legs), we
developed algorithms capable of classifying not only daily movements such as walking,
tripping, jumping, and sitting but also specialized tasks like ladder climbing and high-
altitude work. Furthermore, by acquiring health data such as heart rate, oxygen saturation,
and body temperature, we enabled the assessment of health conditions like heatstroke and
cardiac arrest.

2. Materials and Methods

2.1. Development of Sensors with Enhanced Field Applicability

After analyzing worker behavior patterns and workplace environments, we confirmed
that incidents such as falls, slips, falls from heights, collisions, and suffocation due to fires
occur frequently. We determined that it is necessary to use sensors specifically capable of
monitoring these incidents. Therefore, we selected the following six types of sensors for
worker safety monitoring in this study. The definitions of these sensors and their respective
monitoring items are as follows:

• Accelerometer: by measuring acceleration, the sensor can assess information such
as an object’s tilt (inclination angle) and vibrations. Sudden changes in acceleration
values are considered abnormal signals, used to monitor for events like worker falls.
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• Gyroscope: this sensor measures the rotational angle per unit time, allowing for
detection of changes in orientation and movement.

• PPG sensor: by measuring a worker’s heart rate and oxygen saturation, this sensor
aids in identifying critical health risk factors.

• Body temperature sensor: by continuously measuring the worker’s body temperature
in real time, this sensor detects sudden changes that may indicate illnesses such as
heatstroke or hypothermia.

• Barometric pressure sensor: this sensor measures atmospheric pressure, which helps
determine the conditions at the worker’s job site and identify associated risk factors.

• Acoustic sensor: by detecting changes in sound levels during specialized tasks (e.g.,
welding, cutting), this sensor monitors the worker’s activity duration.

As shown in Figure 1, these six types of sensors were developed and manufactured at
a size of 35 × 40 mm to minimize any discomfort workers might experience while wearing
them. The prototype IMU sensors were specifically designed to be attachable to a worker’s
personal protective equipment.

(a)

(b)

Figure 1. Fabrication of the prototype IMU sensor: (a) appearance of the fabricated IMU sensor;
(b) diagram of the IMU sensor and the positions of the included sensors.
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Each sensor communicates with the main MCU using wired I2C communication. In
terms of measurement ranges, the accelerometer operates within±8 g, the gyroscope within
±1000◦/s, and the barometric pressure sensor from 300 to 1200 hPa. The heart rate sensor
automatically adjusts its LED current to calibrate for external environmental conditions
and skin contact. All sensors are configured to receive data at a rate of 15 times per second,
while the heart rate sensor takes measurements after a one-minute interval.

The sensor mainboard is based on a 64 MHz Arm Cortex-M4 and utilizes the IEEE
802.15.4 radio protocol (Bluetooth 5.3). It is powered by a 3.7 V, 500 mAh lithium polymer
battery, allowing for approximately 10 h of operation with a charging time of about 3 to 4 h.

2.2. Worker Behavior Analysis and Algorithm Development

The IMU sensor used in this study operates at a data collection frequency of 15 times
per second, which is relatively low compared to commercial IMU sensors. This limitation
makes it challenging to directly apply existing algorithms. Consequently, experiments were
conducted that involved data quantification to remove noise, threshold adjustments, and
the combination of suitable algorithms. These steps were designed to accurately determine
worker status even at low frequencies. In addition, because each worker’s body size, stride
length, and work patterns vary depending on the individual and the nature of the work,
worker types were categorized to configure the algorithms. Highly compatible algorithms
were then developed for application to all workers.

For the experiment, the developed prototype IMU sensor was mounted on the head,
body, hands, and legs of five workers. Data were collected by repeating actions such
as walking, jumping, standing, sitting, working at height, and looking away from the
forward direction, each performed 10 times. Based on the sensing data obtained from
each mounting location, optimal filters and data processing methods were applied. The
data from each location were then combined according to specific scenarios, and a final
algorithm was configured to represent the worker’s status. As shown in the flowchart in
Figure 2, this algorithm enables classification across a variety of situations.

Examining the flowchart, data are first collected from sensors attached to the left and
right legs to calculate the stance interval. The stance interval indicates whether the worker
is stationary or moving at a given location, based on the number of samples recorded
during stationary and moving periods. This information provides a basic assessment of
whether the worker is standing, moving, or engaging in other activities.

After calculating the stance interval, if minimal movement is detected in both legs, the
state is classified as “Standing”. If the worker’s body and head height drop below a certain
threshold while in the “Standing” state, the state is classified as “Sitting”. In this study, the
threshold was set at 80 cm. If the stance interval and leg movement are active, the state is
classified as “Moving”.

In the “Moving” state, the flowchart evaluates whether the worker is looking forward
by comparing the directions of the head and body. If these directions are aligned, the state
is classified as “Looking Forward”. If they do not align, it is recognized as “Not Looking
Forward,” and a warning message is issued.

Additionally, while in the “Moving” state, activities such as “High-Altitude Work,”
“Jumping,” and “Falling” are classified by measuring both legs’ altitude and acceleration
energy and comparing them against predefined altitude levels and energy thresholds. The
algorithms applied to each body part for classification are as Algorithms 1–4.
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Figure 2. Algorithm flowchart for worker status assessment.

2.2.1. Forward Attention Algorithm

To process the gyroscope data in the Yaw direction for the head and body areas, the
NMNI (noise-matched nonlinear inhibition) filter was applied. The NMNI filter removes
noise from a specific gyroscope axis to set a threshold for angular velocity, allowing only
signals that exceed this threshold [18]. It operates based on an initial window size (win-
dow_size = 50) and angular rate sensitivity (ars = 0.13), using the maximum absolute value
of the gyroscope axis data within the given window as the threshold for noise removal.
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A Kalman filter was subsequently applied to the data produced by the NMNI filter in
order to estimate the state (posture angles) of the head and body. In this study, the Roll,
Pitch, and Yaw angles were estimated by integrating accelerometer and gyroscope data.
The filter’s state vector is given by [roll, pitch, yaw, bias_x, bias_y, bias_z], where Roll
and Pitch are directly calculated from accelerometer data, and Yaw is derived through the
integration of gyroscope data. The prediction and update steps of the Kalman filter are
as follows:

• Prediction step: predict the next state based on the current state vector and the error
covariance matrix.

• Update step: correct the state vector using the measured Roll and Pitch values, and
reduce errors by utilizing the measurement noise covariance (R).

The noise covariance matrices of the Kalman filter are defined as Q and R, where
Q represents noise occurring during the state transition process, and R represents noise
occurring during the measurement process.

Peak detection is then employed to identify significant events (rotations) in the Yaw
data of the body and head devices, enabling the detection of moments when the user
rotates in a specific direction. The find_peaks function is used to detect peaks in the Yaw
data, with a set threshold (threshold = 10) and a minimum distance (distance = 45). This
configuration extracts intervals where changes exceeding a certain angle are detected.

Finally, direction alignment events between the body and head are classified based
on the peaks extracted from the Yaw data. As shown in Figure 3, when the worker rotates
while walking, and the peak intervals of both devices overlap, the event is classified as
“Both Turned”. If the worker rotates only the head while walking, and the peak intervals
do not overlap, the event is classified as “Head Turned”.

Algorithm 1. Detect forward attention events.

Input: body_yaw, head_yaw, body_acc, head_acc, timestamps
Output: Forward attention events with timestamps

1. Set parameters
threshold = 10 # Yaw angle threshold for peak detection
distance = 45 # Minimum sample distance between peaks
window_size = 150 # NMNI filter window size
ars = 0.13 # Angular rate sensitivity for NMNI filter

2. Apply NMNI filter to Yaw data
body_yaw_filtered = apply_nmni(body_yaw, window_size, ars)
head_yaw_filtered = apply_nmni(head_yaw, window_size, ars)

3. Initialize Kalman filter for orientation estimation
kf = KalmanFilter(Q_acc=0.001, Q_bias=0.03, R=0.01)

4. Estimate orientation with Kalman filterfor each timestamp t:
roll, pitch, yaw = estimate_orientation(
kf, body_acc[t], head_acc[t], body_yaw_filtered[t], head_yaw_filtered[t], dt)

5. Detect peaks in filtered Yaw data
body_peaks = find_peaks(body_yaw_filtered, height=threshold, distance=distance)
head_peaks = find_peaks(head_yaw_filtered, height=threshold, distance=distance)
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Algorithm 1. Cont.

6. Classify events:
for each peak in body_peaks:
if overlap with head_peaks:
classify as Both Turned
else:
classify as Head Turned

7. Merge overlapping Both Turned events:
for each consecutive Both Turned event:
if overlap:
merge events

8. Output results:
for each event:
record start_time, end_time from timestamps
store event type (“Both Turned” or “Head Turned”)

(a)

Figure 3. Cont.
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(b)

Figure 3. Results of applying the forward gaze algorithm: (a) when only the head turns; (b) when
both body and head turn together (during directional change).

2.2.2. Gait Detection Algorithm

In the walking detection algorithm, the Kalman filter was also utilized to remove
noise and correct sensor data. The state vector of the Kalman filter used in this algorithm
consisted of [acc_x, acc_y, acc_z, gyro_x, gyro_y, gyro_z], defining acceleration and angular
velocity as the state vector, thereby enhancing the stability of the sensor data [19].

Walking states were detected by analyzing the standard deviations of the filtered
acceleration and angular velocity data. The Signal Vector Magnitude (SVM) of the accelera-
tion was calculated, and a sliding window (window_size = 30) was applied to compute
the standard deviation (σa) for each segment. For the Y-axis angular velocity data of the
gyroscope (filtered_gyro_y), the same window size was applied to calculate the standard
deviation (σω).

Based on these two standard deviations, stance intervals were defined. If, within a
specific interval, the acceleration standard deviation is less than 0.1 (σa < 0.1), and the
angular velocity standard deviation is less than 20 (σω < 20), that interval is classified as a
stance state, facilitating effective detection of walking patterns.

As shown in Figure 4, after distinguishing between stance and non-stance intervals,
the length of each interval was analyzed to understand the periodicity of the walking state.
Intervals identified as stance indicate that the movements of both legs have ceased, which
corresponds to a “standing” or “sitting” state. When leg movements occur, non-stance
intervals appear, allowing the determination of the leg movement state.
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Algorithm 2. Gait detection using Kalman filter and standard deviation.

Input: Accelerometer (acc_x, acc_y, acc_z) and gyroscope (gyro_x, gyro_y, gyro_z) data
Output: Stance-phase detection based on filtered acceleration and gyro data

1. Initialize Kalman filter
kalman_filter_left = KalmanFilter()
kalman_filter_right = KalmanFilter()

2. Filter and calibrate data using Kalman filter
for each data point in acc and gyro data:
z = [acc_x, acc_y, acc_z, gyro_x, gyro_y, gyro_z] # Measurement vector
kalman_filter.predict() # Prediction step
kalman_filter.update(z) # Update step
save filtered_acc and filtered_gyro # Store filtered accelerometer and gyroscope data

3. Calculate standard deviation with sliding window
acc_magnitude = sqrt(filtered_acc_xˆ2 + filtered_acc_yˆ2 + filtered_acc_zˆ2)
sigma_a = rolling_std(acc_magnitude, window=window_size)
sigma_omega = rolling_std(filtered_gyro_y, window=window_size)

4. Detect stance phase
for each sample:
if sigma_a < 0.1 and sigma_omega < 20:
classify as Stance Phase
else:
classify as Non-Stance Phase

5. Analyze stance-phase intervalsfor each classified phase:
if Stance Phase:
count consecutive samples as Stance Interval
else:
count consecutive samples as Non-Stance Interval

6. Output results
- Print Stance Intervals (number of samples in each stance phase)
- Print Non-Stance Intervals (number of samples in each non-stance phase)

2.2.3. Energy Detection Algorithm

During the walking state, an energy detection algorithm was applied to analyze the
intensity and periodicity of movements, thereby recognizing worker conditions such as
“jumping” and “falling”. To achieve this, a process was designed to calculate energy by
removing the DC component based on the root mean square (RMS). Through this algorithm,
the magnitude of acceleration changes within a specific time window was measured to
detect the worker’s movement patterns [20].
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(a)

(b)

Figure 4. Results of applying the Kalman filter and walking detection: (a) result of applying the
Kalman filter to raw data; (b) walking detection results (1 when there is no foot movement; 0 when
there is foot movement).

First, to detect worker patterns such as “jumping” and “falling,” the magnitude of the
accelerometer sensor data was converted into RMS values. The RMS value represents the
average magnitude of the signal, calculated by taking the square root of the sum of the
squares of the acceleration vector magnitudes, as defined in Equation (1).

RMSacc =

√
acc2

x + acc2
y + acc2

z

)
(1)
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By removing the DC component from the RMS data, the fluctuations in the signal are
centralized. As shown in Equation (2), the moving average is subtracted from the RMS
values using a sliding window (window_size = 30). This process generates a detrended
signal, enabling clearer detection of changes in movement.

RMSacc, detrended = RMSacc −moving_average(RMSacc) (2)

Energy was calculated by quantifying the magnitude changes within a specific window
based on the detrended signal. It can be expressed as shown in Equation (3).

Energyacc =
1
N

N

∑
i=1

RMS2
acc, detrended (3)

Figure 5 presents a graph showing the results of the algorithm applied based on the
above equation.

Algorithm 3. Accelerometer energy detection algorithm.

Input: acc_x, acc_y, acc_z data
Output: Energy values for accelerometer data

1. Calculate RMS
rms_acc = sqrt(acc_xˆ2 + acc_yˆ2 + acc_zˆ2)

2. Remove DC component
rms_acc_detrended = rms_acc–moving_average(rms_acc, window=30)

3. Calculate energy
energy_acc = rolling_mean(rms_acc_detrendedˆ2, window=30)

Figure 5. Results of applying the energy detection algorithm during jumping.

2.2.4. Altitude Detection Algorithm

To estimate the worker’s altitude changes, an extended Kalman filter (EKF) was
applied to the barometric sensor data. The EKF, which facilitates state estimation in
nonlinear systems, was used to correct errors in the barometric sensor, thereby detecting
patterns in the worker’s vertical movement [21].

For altitude estimation, the EKF model’s state vector consists solely of altitude data and
is therefore expressed as [altitude]. The initial covariance matrix p is assigned large values
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to account for high uncertainty. The filtering process is as follows. First, the prediction step
of the EKF for the state is described by Equations (4) and (5).

x̂k|k−1 = Ax̂k−1|k−1 (4)

Pk|k−1 = APk−1|k−1 AT + Q (5)

In the above equations, A is the identity matrix A = [1], and Q represents the process
noise covariance for altitude prediction. Using the altitude data z obtained from the
barometer, the steps for calculating the Kalman gain and updating the state are presented
in Equations (6)–(10).

y = z− Hx̂k|k−1 (6)

S = HPk|k−1HT + R (7)

K = Pk|k−1HTS−1 (8)

x̂k|k = x̂k|k−1 + Ky (9)

Pk|k = (I − KH)Pk|k−1 (10)

In the above equations, y represents the residual, S is the covariance, K is the Kalman
gain, H is the measurement matrix, and R represents the measurement noise covariance of
the barometer.

By applying the EKF to filter the altitude data, we estimated the altitude changes. As
shown in Figure 6, the altitude change was calculated as the difference between the starting
and ending altitudes within a window of 300 samples.

Figure 6. Results of applying the extended Kalman filter to barometric data and estimation of altitude
changes.
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Algorithm 4. EKF for Altitude Estimation.

Input: Barometer (hPa) data
Output: Altitude estimates over time

1. EKF-based altitude estimation (single state)
Initialize altitude state x and covariance p
For each barometer data point:
- Predict next state: x and p
- Update altitude from barometer: z_barometer = [hPa]
- Compute Kalman Gain K and update x, p

2. Calculate altitude change
Convert pressure to altitude (cm)
Slide a 300-sample window to compute altitude change:
altitude_change = altitude_end–altitude_start

3. Results

The developed IMU sensors were attached to the worker’s protective equipment
(safety helmet, safety vest, and leg guards), as shown in Figure 7, for experimental purposes.
The wrist-mounted IMU sensor was designed in a band form to ensure comfortable use
with minimal inconvenience.

Figure 7. IMU sensor placement by body part.

To integrate the developed IMU sensor data into the CPS, an application was created
as shown in Figure 8. The application allows users to input the MAC addresses of the IMU
sensors for each body part, enabling Bluetooth connectivity. The sensor data transmitted
to the mobile device via Bluetooth are then sent to the server using LTE communication.
Additionally, the developed algorithms were implemented within the application to analyze
the data collected from specific body parts in real time and determine the worker’s status.
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The worker’s status, as assessed by the algorithm, is transmitted to a database through the
application, where it is used to update the worker’s status in real time within the CPS.

Figure 8. IMU sensor application integration screen and database connection screen.

To evaluate the performance of the developed system, experiments were conducted
with five workers. Each worker performed every action ten times, producing a total of fifty
trials per action. The classification results from these trials are summarized in Table 1.

Table 1. Classification results for each action.

Action Total Trials
Correctly
Classified

Accuracy (%)

Walking 50 50 100

Jumping 50 47 94

Standing 50 50 100

High-altitude work 50 45 90

Not looking
forward 50 43 86

Sitting 50 40 80

The sensor data transmitted to the database include information such as oxygen
saturation, heart rate, and body temperature, enabling real-time monitoring of workers’
health status. As demonstrated in the experiment, the worker’s condition can also be
determined based on the algorithm-assessed worker state (e.g., walking, sitting, jumping,
performing high-altitude work, not looking forward, etc.).

In addition, if initial measurements of oxygen saturation, heart rate, or body temper-
ature fall below certain thresholds, the worker’s health status changes from “normal” to
“at risk”. This status is displayed on the dashboard, allowing administrators to respond
immediately to potential hazards during monitoring.

For the data integration experiment, as shown in Figure 9, a dashboard was developed
to monitor the worker’s status, and the experimental site was converted into a 3D model
using drone imagery. This 3D model was then used to create a CPS environment through
the Unity program.
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(a)

(b)

Figure 9. Dashboard and environment setup for CPS implementation: (a) CPS dashboard screen
layout; (b) CPS environment construction scene.

In the CPS, worker monitoring is displayed through icons, and the user interface
(UI) presented to the worker is shown in Figure 10. The UI displays the worker’s name,
date and time, status, and health conditions (such as oxygen saturation, heart rate, and
body temperature), which match the data transmitted to the database. These data are
updated in real time, enabling managers to monitor and identify any abnormal conditions
affecting workers.

The data shown in Figure 10 are also stored on the dashboard, which is further de-
signed to display various types of information such as sensor connection and operation
status, worker status, health information, real-time site temperature, and weather condi-
tions. Figure 11 illustrates a screen where multiple workers are monitored simultaneously.
In the event of abnormal situations (e.g., irregular conditions), the dashboard not only
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stores the relevant information for monitoring but also facilitates proactive on-site actions
to prevent accidents. For instance, if abnormal conditions (such as falls or jumps) frequently
occur at a specific location, the data generated through this study can be used to either
prevent accidents or detect them early through on-site interventions.

Figure 10. Worker icons and UI in CPS operation.

Figure 11. Example of CPS application for multiple workers.

190



Sensors 2025, 25, 442

4. Discussion

This study aimed to develop an IMU sensor for construction and industrial environ-
ments and to integrate it into a CPS for monitoring worker behavior under real-world
conditions that include the use of protective equipment, uneven terrain, and expansive
worksites. During this process, the system achieved an overall accuracy of approximately
90% for recognizing worker actions; however, accuracy for the sitting action was relatively
lower. This lower performance may stem from the barometric sensor’s susceptibility to
errors caused by uneven ground conditions and fluctuations in temperature and humid-
ity, despite its need for centimeter-level precision. Nevertheless, real-time monitoring
of worker behavior through the CPS proved effective in enhancing safety measures and
improving operational management efficiency.

Several limitations were identified in this research. First, a delay of approximately
2–3 s occurs between the sensor’s initial detection of movement and its display in the CPS
interface. In urgent situations, such as sudden falls, this delay could hinder rapid response.
The selected window size for detecting data changes and the latency in transmitting
data to the database appear to contribute to this issue. Second, due to the maximum
number of Bluetooth devices that can simultaneously connect to an Android system, sensor
integration occasionally became unstable. When the IMU sensor’s data transmission rate
was increased, the intervals between data arrivals became irregular. Although three IMU
sensors transmitted data reliably, connecting six sensors sometimes resulted in two or three
failing to meet the set data threshold, thereby reducing the accuracy of the algorithms. A
slight delay (on the order of milliseconds) was therefore introduced during transmission
to ensure all six IMU sensors could still send quantitative data, establishing an optimal
transmission rate of 15 Hz (i.e., 15 data points per second).

Lastly, because sensors may be directly exposed to dust, moisture, and other contami-
nants in harsh field conditions, those with relatively low IP (ingress protection) ratings risk
malfunctioning in such environments. These limitations underscore the need for future
research aimed at optimizing algorithms for real-time data processing, refining communi-
cation and data transmission methods for multi-sensor integration, and improving sensor
casing materials and designs to enhance waterproof and dustproof capabilities, thereby
increasing practical applicability in the field.

5. Conclusions

This study developed IMU sensors and an application integrated into a CPS to monitor
workers’ behaviors in construction and industrial environments. The conclusions of this
study are as follows:

1. The IMU sensors used in this research address challenges associated with existing
commercial sensors—such as large form factors and difficulties in internal filtering,
communication, and server integration—when implementing a CPS.

2. To minimize worker discomfort and enable seamless attachment to personal protective
equipment, the sensors were miniaturized and designed for placement on the head,
body, hands, and legs. This approach allows for more granular measurement of
diverse work activities.

3. The IMU sensors were operated at a relatively low sampling rate of 15 times per
second to extend their operating time during work hours, while an algorithm was
designed to effectively capture workers’ movements in on-site conditions. In addition,
the algorithm retained the flexibility to operate at higher frequencies (e.g., above
50 Hz) for more detailed motion analysis when needed.

4. By attaching sensors to the head, body, both hands, and both legs, worker behaviors—
such as walking, jumping, standing, sitting, working at height, and looking away
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from the forward direction—could be detected with approximately 90% accuracy. The
IMU sensors also assessed workers’ health status (e.g., oxygen saturation, heart rate,
and temperature) and transmitted these data to a database, which was then linked to
the CPS interface, enabling managers to monitor workers in real time.

In conclusion, by developing IMU sensors and implementing an application and CPS
equipped with algorithms to recognize worker behaviors, this study facilitates real-time
monitoring, and thereby, contributes to enhanced safety management at construction sites.
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Abstract: Motion analysis is of great interest to a variety of applications, such as virtual and aug-
mented reality and medical diagnostics. Hand movement tracking systems, in particular, are used as
a human–machine interface. In most cases, these systems are based on optical or acceleration/angular
speed sensors. These technologies are already well researched and used in commercial systems.
In special applications, it can be advantageous to use magnetic sensors to supplement an existing
system or even replace the existing sensors. The core of a motion tracking system is a localization
unit. The relatively complex localization algorithms present a problem in magnetic systems, leading
to a relatively large computational complexity. In this paper, a new approach for pose estimation of
a kinematic chain is presented. The new algorithm is based on spatially rotating magnetic dipole
sources. A spatial feature is extracted from the sensor signal, the dipole direction in which the
maximum magnitude value is detected at the sensor. This is introduced as the “maximum vector”. A
relationship between this feature, the location vector (pointing from the magnetic source to the sensor
position) and the sensor orientation is derived and subsequently exploited. By modelling the hand
as a kinematic chain, the posture of the chain can be described in two ways: the knowledge about
the magnetic correlations and the structure of the kinematic chain. Both are bundled in an iterative
algorithm with very low complexity. The algorithm was implemented in a real-time framework
and evaluated in a simulation and first laboratory tests. In tests without movement, it could be
shown that there was no significant deviation between the simulated and estimated poses. In tests
with periodic movements, an error in the range of 1° was found. Of particular interest here is the
required computing power. This was evaluated in terms of the required computing operations and
the required computing time. Initial analyses have shown that a computing time of 3 μs per joint is
required on a personal computer. Lastly, the first laboratory tests basically prove the functionality of
the proposed methodology.

Keywords: magnetic motion tracking; localization; rotating magnetic dipole; iterative algorithms;
human–machine interface

1. Introduction

Human motion tracking is of great interest to many applications such as virtual/
augmented reality [1] and medical diagnostics [2]. Among the several variants of motion
tracking, this contribution focuses on hand-motion tracking as a human–machine interface
for robot-assisted surgery. However, the proposed method can also be used for other
applications where the movement can be modelled by kinematic chains.

Camera-based (optical motion capture, OMC) systems, which are considered to be the
gold standard in motion tracking methods, allow for accuracy in the millimeter or even

Sensors 2023, 24, 6947. https://doi.org/10.3390/s24216947 https://www.mdpi.com/journal/sensors194



Sensors 2023, 24, 6947

submillimeter range [3]. However, OMC systems have the disadvantage that direct lines of
sight between the objects (usually reflecting markers) and relevant cameras are required.

An alternative method is the use of gloves with attached inertial measurement units
(IMU) or flex sensors. Several of the corresponding solutions are shown in [4]. The well-
investigated IMU are used in commercial applications such as XSens’ Quantum Metaglove [5].
However, IMU-based systems do not measure the quantities of interest (i.e., positions and
angles) directly but instead measure their time derivatives (i.e., acceleration and angular
speed). This leads to drift problems.

Approaches based on magnetic sensors are still in the early phases of research
(see [6,7], for examples). Future magnetic methods could be either a stand-alone functional
alternative or be used as a supplement to improve the performance of optical or IMU-based
systems.

The present work aims to design an input device for robot-assisted surgery based on
magnetic sensor technology. For this purpose, a glove will be equipped with magnetic
sensors such that each kinematic element can be assigned to at least one sensor. The heart
of the proposed motion tracking system is the localization unit. This unit determines the
pose of the object with a constant sample rate with a typical duration of the period of 15 ms,
which in turn leads to a localization update rate of 67 Hz [8,9]. If the sampling period is
longer, it might lead to disruptive handling in human–machine interface applications. In
our case, a kinematic chain with up to 20 degrees of freedom has to be estimated every
15 ms. The allowed latency is one of the challenges, as it leads to limited computing time
and the algorithms must be designed to work efficiently.

Magnetic localization is usually solved with numerical or analytical approaches. Nu-
merical solutions are used in applications with 1D sensors or flexible setups [10–13]. Ana-
lytical methods are used with fixed sensor array configurations, such as 3D sensors [14–16]
or gradient sensors [17–20]. On the one hand, numerical methods are generally compu-
tationally intensive, which can become a problem if many (>20) sensors are involved, as
it may no longer be possible to maintain the latency time. On the other hand, analytical
methods usually use defined sensor setups such as 3D sensors. These may already be too
large for the structures to be observed, which in case of a finger are only a few centimetres
in size. In [6], a magnetic sensor glove with a numerical localization approach is described.

In the approaches mentioned above, while poses are determined by a minimization
of a cost function and some kinematic constraints are kept, up to 55 hand reconstructions
per second had been achieved thus far. Since about at least 67 hand reconstructions per
second are required for surgical interfaces, these algorithms are not fully capable of solving
the problem at this time. With the progress in computer hardware, these algorithms could
become able to satisfy these conditions in the future. However, we are looking for a solution
that can be executed on standard personal computers where further processing beyond
motion analysis (e.g., gesture recognition) usually need to be executed.

For the overall system, we use two nested localization methods: The external local-
ization is responsible for the absolute localization of a reference point within a defined
measurement volume. In our case, this reference point could be the wrist, for example. A
3D coil is attached to this wrist, which can then be localized using conventional algorithms,
as shown in [15,16]. Based on this, there is an internal localization. This estimates the
position and orientation of the sensors attached to the fingers with respect to the reference
point mentioned above. To this end, the individual fingers are modelled as kinematic
chains. This offers an advantage in that the number of degrees of freedom is reduced.
In general, a 1D sensor has five degrees of freedom: three for the position and two for
the orientation. By attaching the sensor to the kinematic chain, the number of degrees
of freedom per sensor is reduced to two. Here, movement is limited by the rotation of
the joints. This will be utilized in an efficient algorithm, which will be explained in the
following. An advantage of the presented algorithm is that it combines localization and
mapping to a kinematic chain. In this way, prior knowledge about a kinematic chain is
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integrated into a localization, thus narrowing down the solution space and simplifying the
calculation. An overview of this nested localization scheme is shown in Figure 1.

Absolute 
localization

Relative
localization

Position 
combination

Gesture
recognition

1D sensors
3D sensors

3D source

Figure 1. System overview: The illustration includes an external localization (blue) consisting of a
defined setup of (here 8) sensors. The inner localization (red) consists of a 3D coil which is attached
to the wrist as well as magnetic 1D sensors which are attached to each finger element. Following the
localization, gesture recognition or processing of the data for the human–machine interface can be
carried out.

First, we will introduce a magnetic signal feature called the “maximum vector”. Then,
we discuss the relations between this feature, the sensor position, and the sensor orientation.
Eventually, these relations are linked to the known anatomy through an iterative algorithm.
For validation, the algorithm was implemented in a real-time environment and tested with
a simulation and an initial laboratory setup. The paper closes with a discussion about the
results and the restrictions of the algorithm. The central idea and a suitable setup is shown
in Figure 2.

Figure 2. Typical example of use of the presented algorithm: At the origin of the coordinate system a
3D magnetic transmitter is located. A kinematic chain is equipped with 1D magnetic sensors, such as
fluxgate magnetometers or magnetoelectric sensors, on every chain element. The kinematic chains
are connected through joints with ellipsoidal cross-sections, each providing two degrees of freedom.
Any additional information from the kinematic chain about the position is used to increase the speed
of the localization algorithm.
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2. Spatial Signal Feature

In this section, a magnetic signal feature will be introduced, which we refer to as the
“maximum vector”, abbreviated as MV in the following. A rotating magnetic dipole at a
defined position and a sensor at a defined position and orientation are assumed. The MV
describes the dipole orientation for which the maximum signal is detected at the sensor.
The spatial relationships between the MV, the sensor location, and the sensor orientation
will be derived in the following.

2.1. Field-Theoretical Basics

The magnetic field of a slowly time-varying current density distribution can be approx-
imated by Biot–Savart’s law. However, even this simplification of Maxwell’s equations can
result in a very time-consuming numerical calculation, requiring a spatial integration over
each voxel of the current–density distribution. For a localized current–density distribution
produced by coils, the magnetic field calculation can be further simplified using a magnetic
dipole model. For a good approximation, it is important that the distance between the coil
and the sensor is much larger than the typical dimensions of the coil. For a magnetic dipole
�m located at the origin (r = 0), the magnetic field �Bdip(�r ) can described by [21]:

�Bdip(�r) =
1

4πr2
3�r(�m ·�r)− �mr2

r3 . (1)

In the present work, we assume an ideal sensor at position�r with known orientation
�es. “Ideal” means that the sensor is assumed to be located at a single point and that the
output of the sensor is an undisturbed projection of the dipole field on the main sensor axis.
The output Bsensor(�r,�es) is then found as follows:

Bsensor(�r,�es) = �Bdip(�r) ·�es. (2)

For the generation of the magnetic field �Bdip, we apply the 3D coil as represented in
Figure 3. It consists of a superposition of three orthogonal coils. For the current application,
this source can be represented by a superposition of three magnetic dipoles polarized in the
x-, y-, and z-directions, respectively. Clearly, by appropriately weighting the amplitudes
(i.e., currents) of the orthogonal three coils, an arbitrary single dipole can be created.
Eventually, this will be used to form a single dipole that spatially rotates as a function of
time. Figure 2 shows the setup. The source is located at the origin and the sensors are
aligned with the chain elements.
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(a) Simulation Object
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(b) 3D coil
Figure 3. 3D coil: (a) sketches the modelled simulation object. A photograph of the corresponding
realization is shown in (b). Note that both constructions consist of three orthogonal coils.
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2.2. Maximum Vector (MV)

We assume a sensor at an arbitrary position�r with an arbitrary orientation�es where
both values are unknown. A rotating dipole source is located at the origin of the global
coordinate system r = 0. We define MV�emax as the orientation of the dipole field �Bdip for
which the sensor signal Bsensor in Equation (2) becomes a maximum.

We first derive a relationship between the direction of the sensor position �er, the
sensor orientation �es, and the MV �emax. To this end, we first normalize the Equation (1)
according to

�Bnorm =
4πr3

m
�Bdip(�r) = 3�er(�em ·�er)−�em, (3)

where �m = m�em.
Without loss of generality, we next assume that �er and �es lie in the xy-plane. As

sketched in Figure 4, for the Cartesian coordinates of�er and�es we have

�er =

⎡
⎣ cos(φ)

sin(φ)
0

⎤
⎦ and �es =

⎡
⎣ cos(φs)

sin(φs)
0

⎤
⎦. (4)

The magnetic dipole moment �m can point in any direction. In spherical coordinates,
the Cartesian components of�em read (see Figure 4)

�em =

⎡
⎣ cos(φm) sin(θm)

sin(φm) sin(θm)
cos(θm)

⎤
⎦. (5)

φs

φ

φm

θm
�m

x

yz

�r

�es

Figure 4. Geometry used for the derivation:�r and�es both lie in the xy-plane. φm and θm define the
orientation of the rotating magnetic dipole �m in spherical coordinates.

Inserting Equations (4) and (5) into Equation (3) yields the three Cartesian field
components of the normalized dipole field:

Bnorm,x(φ, φm, θm) =
[
3 cos(φ)2 − 1

]
cos(φm) sin(θm)

+ 3 sin(φm) sin(θm) sin(φ) cos(φ), (6)

Bnorm,y(φ, φm, θm) =
[
3 sin(φ)2 − 1

]
sin(φm) sin(θm)

+ 3 cos(φm) sin(θm) cos(φ) sin(φ), (7)

Bnorm,z(θm) = − cos(θm). (8)

The sensor signal is obtained using Equations (2)–(4) according to
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Bsensor(φ, φs, φm, θm, r) =
m

4πr3

(
(cos(φs) Bnorm,x(φ, φm, θm) + sin(φs) Bnorm,y(φ, φm, θm)

)
. (9)

Obviously, the variation in the distance between the sensor and the rotating dipole
affects the measured signal according to 1

r3 . Regarding the variation in θm, the measured
signal becomes a maximum only if θm = π/2. Moreover, we remark that the component
of the rotating dipole which is perpendicular to the plane spanned by �er and �es has no
effect on the measured signal. From these observations we deduce that the MV must also
lie in that plane. To find the desired relationship between the three unit vectors, we—
without limiting the generality—place the location vector�r on the x-axis (see the left side of
Figure 5). For the Cartesian components of the corresponding unit vectors we thus have:

�er =

[
1
0

]
, �em =

[
cos(φm)
sin(φm)

]
, �es =

[
cos(φs)
sin(φs)

]
. (10)

In that case, it holds

Bnorm,x(φ) = 2 cos(φm), (11)

Bnorm,y(φ) = − sin(φm), (12)

Bnorm,z(φ) = 0, (13)

and Equation (3) simplifies to

Bsensor(φs, φm) =
m

4πr3

(
2 cos(φm) cos(φs)− sin(φm) sin(φs)

)
. (14)

To derive the angle φm = φmax where the right-hand side of Equation (14) becomes a
maximum, we calculate

dBsensor(φm)

dφm
=

m
4πr3 (−2 sin(φm) cos(φs)− sin(φs) cos(φm)) (15)

−2 sin(φmax) cos(φs)− sin(φs) cos(φmax) = 0, (16)

and finally obtain the relation:

−2 · tan(φmax) = tan(φs). (17)

Note that this relation is valid for any φ (not just for φ = 0), as sketched in Figure 5.

φs

φmax

xx

yy

�r

�r

�es

�es

φs

φmax

φ

Coil Coil

Sensor

Sensor
�emax

�emax

Figure 5. The relation in Equation (17) is independent of the angle φ. Moreover, the unique relation-
ship between the three unit vectors�es,�emax, and�er is clarified.

As graphically demonstrated in Figure 5 there is a unique relation between the three
unit vectors�es,�emax, and�er. This relation will now be used to uniquely derive the sensor

199



Sensors 2023, 24, 6947

orientation�es from a given�er and a measured MV�emax. As an example, for a systematic
procedure we start from a given origin (i.e., the location of the “rotating” 3D coil) and a
given sensor location�r.

1. First, we determine the “rotation axis”�en:

�en =
�emax ×�er

‖�emax ×�er‖ . (18)

2. In the second step, the angle between the MV and the location unit vector is calculated:

φmax = arccos(�emax ·�er). (19)

3. Subsequently, the angle between the location unit vector and the sensor orientation is
determined from Equation (17):

φs = arctan
(− 2 tan(φmax)

)
. (20)

4. Finally, for any given�er, the sensor orientation�es is calculated by

�es = cos(φs)(�en ×�er)×�en + sin(φs)(�en ×�er). (21)

Figure 6 shows the calculated sensor orientations as blue vectors starting at different
sensor locations�r in the xy-plane. The MV is located at the origin and polarized in the
y-direction. For the 3D case, i.e., if�r is an arbitrary vector, we simply have to rotate the blue
sensor orientations around the MV.

−1.5 −1 −0.5 0 0.5 1 1.5

−1.5

−1

−0.5

0

0.5

1

1.5

x

y

Potential Poses
Maxvector

Figure 6. Blue vectors: Calculated sensor orientations�es for different values of the sensor location�r.
The starting point of each blue vector represents the corresponding�r. Yellow vector: The maximum
vector at the origin, always polarized in the y-direction. Note that the lengths of the blue vectors are
not of interest here, as only the directions are relevant.

3. Signal Processing

In this section, it is shown how (temporal) signal processing can be used to extract
the required signal feature. Subsequently, an iterative algorithm for pose estimation is
presented.
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3.1. Feature Extraction

The three orthogonal coils are driven with three different current signals. These
currents are chosen such that the absolute value of the dipole moment |�m(t)| = m0 is
constant for all values of t:

�m(t) = m0

⎡
⎣ cos(ωφt) sin(ωθt)

sin(ωφt) sin(ωθt)
cos(ωθt)

⎤
⎦. (22)

In particular, for the circle frequencies it holds that ωθ = Nωωφ, where Nω is a positive
integer. Thus, the x and y coils are driven by an amplitude-modulated signal while the z
coil produces a standard harmonic magnetic signal. Consequently, as a function of time,
�m moves on the surface of a sphere with radius m0, as exemplary shown for Nω = 10 in
Figure 7.
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Dipole tip track

Figure 7. Track of the magnetic dipole �m(t) with starting point at the origin as a function of
time. The tip of �m moves on the surface a sphere with radius m0, according to Equation (22) for
Nω = ωθ/ωφ = 10.

While searching for the MV, an obvious method would be to try each direction to
detect the maximum field within a given period of time. Instead, we will prove in the
following that the directions where no field is measured are orthogonal to the MV. We call
such vectors zero-crossing vectors. By detecting two independent zero-crossing vectors,
the MV can then be calculated by simply building their φmax, we first set Equation (14)
(which is valid if�em and�es are lying in the xy-plane) for φm = φzero to zero:

0 = 2 cos(φzero) cos(φs)− sin(φzero) sin(φs) (23)

2 cot(φzero) = tan(φs). (24)

With Equation (17) we have

cot
(
φzero

)
= tan

(− φmax
)

(25)

cot
(

φzero

)
= cot

(π

2
+ φmax

)
(26)

φzero = φmax ± π

2
. (27)

Equation (27) proves that the zero-crossing vector and the MV are orthogonal if both
are lying in the xy-plane. Since zero-crossing vectors and MVs are orthogonal, we conclude
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that for the general case the zero-crossing vectors can again be obtained by a rotation
around the MV. Figure 8 illustrates an arbitrarily directed MV, the corresponding plane of
zero-crossing vectors, and the direction of the sensor.
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(a) Setup with introduced vectors
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Figure 8. The left figure exemplary shows a max vector at the origin (yellow), the position and
orientation (orange) of the sensor, and the corresponding plane of zero-crossing vectors (purple).
The right side shows the corresponding sensor signal as a function of time. The times when a
zero-crossing is achieved are marked with a purple dot. The simulation works with a source which
is driven with Nω = ωθ/ωφ = 10. The absolute values/lengths are not relevant, as the relative
relationship between the vectors and the zero crossings are both of interest.

3.2. Zero-Crossing Polarity

In the previous section, we showed that the MV is orthogonal to all zero-crossing
vectors. Using the cross product, a vector can be determined that is perpendicular to
them. There are two solutions to this condition. For example, in the xy-plane the normal
vectors are�ez and −�ez. Therefore, it is necessary to observe the polarity here. Each zero-
crossing is assigned a polarity that depends on two parameters. The direction of the
zero-crossing vector, i.e., from positive to negative (z+) or from negative to positive (z−)
and the corresponding z-current Iz. The zero-crossing vectors�ezero,k are indexed due to the
detection time. Depending on this, the order of the cross product is swapped

�emax =

⎧⎪⎪⎨
⎪⎪⎩

�ezero,k ×�ezero,k-1

‖�ezero,k ×�ezero,k-1‖ , for z+ ∧ dIz
dt > 0, or z- ∧ dIz

dt < 0

�ezero,k-1 ×�ezero,k

‖�ezero,k-1 ×�ezero,k‖ , else. (28)

3.3. Iterative Algorithm

For the proposed algorithm, knowledge of the geometry is required. This includes the
relative position of the joint�rj and the distance of the sensor to that joint. The orientation
of the sensor is aligned with the second bone. The corresponding setup is sketched in
Figure 2. On the condition that the orientation of the sensor is correct, the proposed
algorithm is convergent and delivers its position though applying the kinematic chain. Vice
versa, the orientation determined for this position again matches the assumed position.
To come to an iterative algorithm, we initially assume a random orientation �̂es,i=0, and the
kinematic chain model is used to determine a related estimate of the sensor position�̂rs,i:

�̂rs,i =�rj + ljs �̂es,i. (29)
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From the procedure described in Equations (18)–(21) (Section 2.2), we next determine
an update of the sensor orientation �̂es,i+1 according to

�̂es,i+1 = �f (�̂rs,i,�emax). (30)

This process is iteratively repeated until convergence is achieved. The number of
iterations needed for this goal depends on the ratio between ljs and |�rj|. The algorithm is
represented as a flow chart in Figure 9. Figure 10 shows an example for the corresponding
iterative progress. Based on the orientation of the previous chain element, we calculate the
position of the next joint. Thus, the true alignment of the kinematic chain is found after a
suitable number of repetitions of this systematic procedure.

Figure 9. Flow chart of the iterative algorithm: The algorithm starts with a random initial orientation.
Then, the sensor position relative to the source is determined. Afterwards, the corresponding
orientation is calculated. When there is no relevant change between the data obtained with two
subsequent iterations, convergence is reached, and this orientation is the estimated result.

Potential
Positions

Ground
Truth

Normalized
Position
Vector

Estimated
Kine-
matic
Chain

Sensor

x

y

(a) Setup (b) Iteration 1 (c) Iteration 2 (d) Iteration 15
Figure 10. Exemplary iterative process: This figure shows the iterations for a simple setup. The first
sub-figure shows the used setup with the coordinate system. The origin of this setup is located at
the first kinematic chain element, where the source is also located. The source is attached to the first
kinematic element in such a way that the relative position of the source to the kinematic chain is
always constant. In the following figures, the coordinate system has been omitted. The blue vectors
represent the potential poses for the detected MV. The light green construction shows the ground
truth. The red vector is a normalized position vector of the sensor which points to the potential pose
in this direction. The sensor is mounted on the second bone. It is represented by a black rectangle
with a vector in the sensitive direction. Subfigure (b) starts with a bone orientation in x-direction. For
some iterations, the kinematic chain and the related position vector are shown. After 15 iterations,
subfigure (d), the sensor pose matches a potential pose (ground truth) and the algorithm converges.
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The convergence speed of the algorithm depends on the ratio Q of the length from the
actuator point to the joint laj and the length from this joint to the sensor ljs:

Q =
ljs
laj

. (31)

Figure 11 shows the amount of the absolute angular error as a function of the number
of iterations for each Q. The true sensor orientation is assumed to be in the z-direction. The
initial sensor orientation is always assumed to be in the y-direction, i.e., the corresponding
angular error starts at 90◦.
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Figure 11. Angular error in dependence of the iteration: The figure shows the behaviour of the
angular error in dependence of the number of iteration. Different setups of length ratios are looked
at. The legend shows the corresponding Q for each curve. All curves tend closer to zero with each
iteration.

3.4. Uniqueness

In this section, we will show that the procedure described above delivers a unique
result if the Q as defined in Equation (31) is not between 0.5 and 1. For a proof, we refer
to Figure 5 and note that the orientation�es has two components, i.e., two scalar degrees
of freedom. The input of the algorithm has also two scalar given variables, which leads
to a problem with two given variables and two unknowns. To solve this, we first split
the two-dimensional solution vector and show that each can be calculated independently.
As previously shown,�emax,�er, and�es lie in one plane. From the sensor position, the joint
position can be obtained by the vector addition of�es scaled by the known length ljs. This
relationship shows that the joint position must also lie in the plane already shown. This
allows the detected�emax to be used to determine a plane in which the solution vector lies.
This reduces the number of unknowns to 1 and the first degree of freedom can thus be
determined unambiguously. In the previous derivation, the relative relationship between
�er,�es, and�emax was shown. In order to show that a unique�es can be assigned to each�emax,
a reference point must be selected. The angle (φmax,j) is defined as between�emax and the
position vector of the joint�rj and the angle (φs,j) is defined as being between�es and�rj. These
angles are shown in Figure 12.

We set the coordinate system such that�er,�es and�emax lie in the xy-plane. Furthermore,
without limiting the generalization of the solution we assume that�rj lies on the y-axis. The
position of the joint and the sensor can thus be described as follows:

�rj =

[
0
laj

]
(32)

�rs =

[
ljs cos(φs,j)

laj + ljs sin(φs,j)

]
(33)
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Now, the angle φr between�rj,�rs can be determined as

φr = arctan
( ljs cos(φs,j)

laj + ljs sin(φs,j)

)
(34)

These descriptions can now be used to determine φmax according to Equation (17):

φmax = − arctan(
1
2

tan(φs − φrs) (35)

This angle is now related to the position vector of the sensor. The φmax,j can be
described as follows:

φmax,j = φmax − φr (36)

The obtained formulas reveal the analytical relationship φmax,j(φs,j). For the uniqueness
of the solution, the inverse function is required. Since this is not a trivial task, a lookup
table has been created while the axes are swapped. Figure 13 shows the results obtained
for different values of Q.

�emax

�es

�rj

3D coil

φmax,j
φs,j

Figure 12. Definition of the angles at a joint between two bones.

Obviously, there is a unique solution only for a certain range of Q. For Q = 1, i.e.,
where the non-uniqueness is most significant, a simulation including a measurement of
the convergence speed was carried out, see Figure 14. We observe that the maximum error
does not approach zero, but oscillates periodically and is undamped around zero.
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(b) 0.5 < Q <= 1
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Figure 13. The relation between φs,j and φmax,j is represented for different values of Q. The plots are
subdivided for different values of Q. In the ranges 0 < Q < 0.5 and Q > 1 there is a clear assignment,
i.e., there is a unique bidirectional relation between φmax,j and φs,j. However, between 0.5 and 1 we
observe a non-unique relation.
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Figure 14. For Q = 1, the maximum angular error does not approach zero even after several iterations,
i.e., the algorithm is non-convergent.

4. Results

4.1. Simulation Results

For validation, the proposed iterative algorithm was numerically implemented and
the motion of a single joint was observed. To that end, an existing real-time framework
based on C was applied [22]. An overview of the used modules is shown in Figure 15. A
complete description of the implementation can be found in [23].

Signal 
generation

Zerocrossing
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MaxVector
determination

Pose
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Kinematic
simulation

Magnetic
source
simulation

Magnetic
sensor
simulation

Pose
estimation

Processing pipeline

Simulation pipeline

Figure 15. Simulation overview: The simulation is divided in two sections. The upper (dark) part
simulates the motion and the resulting field at the sensor. In the lower part (bright), the described
algorithm is implemented and the pose is calculated.

As an example, a magnetic source is attached at the beginning of a first bone of 40 cm
length. The sensor is attached to the second bone at a distance of 10 cm to the joint. To not
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repeat the simulation without movement that has already been discussed in Section 3.3, a
simple movement in the xz-plane was performed: The second bone rotates in the xz-plane
around the y-axis in a range from 90◦ to −90◦ with a constant angular frequency 1 Hz. As
illustrated in Figure 16, the 3D coil (source) is localized in the origin at the end of the first
bone with equivalent magnetic dipoles at frequencies ωφ = 7 Hz and ωθ = 7000 Hz.

z
y

x Source

Sensor

Figure 16. Simulation of a motion: All elements are in the yz-plane. The 3D coil source is located in
the origin. The first bone is aligned with the z-axis and its end represents the position of the joint.
The second bone moves from 90◦ to −90◦ with respect to the axis of the first bone.

The results of the simulations are shown in Figure 17a. The ground-truth angle
between the second element and the z-axis is shown for comparison with the estimated
angle. For better visibility of both signals, the estimation is shifted by 10◦. The absolute
error of the amplitude which plotted in Figure 17b, is for most time steps in the range < 1°.
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Figure 17. (a) shows both the estimated angle and the simulated one. The dark red line represents
the simulation (ground truth) while the light red line is the estimation of the described algorithm.
The latter is shifted 10° to enhance the clarity of the visualization. In (b), the difference between
the simulation and the estimation is plotted. We observe an error signal which follows the angle of
the movement.

4.2. Experimental Results

For an initial laboratory test, a prototype consisting of two kinematic elements made
of PVC was fabricated (see Figure 18). The two elements are connected by a screw, allowing
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one degree of freedom. A 3D coil is attached at the beginning of the longer element while a
fluxgate magnetometer is attached to the shorter element. Firstly, tests were carried out
with a static setup, i.e., the prototype was held in a fixed position using suitable wedges
which was attached to the table and the prototype with double-sided adhesive tape.

z
y

x

3D coil

Joint

Fluxgate Magnetometer

Figure 18. Upper figure: The built prototype consists of two PVC elements, connected to each other
with a screw allowing for one degree of freedom. The 3D coil source is located at one end of the
longer element. On the shorter element, a fluxgate magnetometer [24] is mounted. The illustration in
the lower figure shows the assembly for a 30° position.

We have used seven equidistant angles between 0° and 90° degrees. The same software
used for the simulation has been applied for data acquisition and signal processing. A
series of 10 s measurements was recorded for each position, and a new angle estimate was
calculated every 20 ms. Hence, after 10 s we obtained 500 angle estimations represented in
Figure 19.
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Figure 19. The boxplots show the experimental results of the measured sensor angles for each of the
seven given (ground-truth) joint angles. The box plots show the median, the first quartile, the third
quartile, the minimum, the maximum, and several outliers for each joint angle.

4.3. Computational Cost

Determining the computational effort of an algorithm is not trivial when using libraries,
as the implementation of the functions is not disclosed. Therefore, the mathematical opera-
tions used were given a score depending on their complexity. The score was determined by
performing the corresponding operation one million times and normalizing it to the ADD
operation. This should make it possible to compare the results with other algorithms. All
operations are implemented in C with the “math.h” library.

Table 1 shows the calculation effort for the used mathematical operations. One iteration
of the presented algorithm has an average equivalent of 212 addition operations. All
operations were performed on an AMD Ryzen 5 5600X 6-Core processor.

Table 1. Time consumption of different complex operations for one million executions, normalized to
the (basic) addition operation.

Operation Time Consumption/μs Score

ADD/SUB 940 1

MULT/DIV 960 1.02

SIN/COS/TAN 4970 5.29

ARCCOS/ARCSIN/ARCTAN 68,000 72.34

SQUARE ROOT 3250 3.46

CROSS PRODUCT 3700 3.94

SCALAR PRODUCT 2200 2.34

Algorithm 1 Iteration 199,280 212.08

5. Discussion

5.1. Convergence and Uniqueness

The convergence of the algorithm depends on the length ratio Q, i.e., the ratio of the
distance between the actuator and the joint laj and the distance between the joint and the
sensor location ljs. It has been shown that the algorithm uniquely converges unless Q is
between 0.5 and 1. Moreover, the number of iterations required for a given error threshold
increases as Q increases. As illustrated in Figure 20, such behaviour sounds logical. For a
fixed length of the first bone, the permissible angular range δ is limited by the length of the
second one.

209



Sensors 2023, 24, 6947

x

y

x

y

δδ

Figure 20. Possible angle ranges δ for two different lengths of the second bone at a fixed length of the
first bone (Q is higher for the left realization).

Regarding uniqueness, the role of Q may well lead to problems in a possible subse-
quent application, where care must be taken when designing and positioning the sensors
and sources to ensure that the possible Q is not between 0.5 and 1.

5.2. Results

The algorithm was implemented in an existing real-time framework. A periodic move-
ment was implemented using a simulation pipeline. The simulations have shown that for
an unmoved kinematic chain, the estimate agrees with the simulated posture. Subsequently,
a periodic movement with a frequency of 1 Hz was performed. The movement showed an
error of approximately 1 degree. Outside the simulation, a larger deviation is to be expected.
Due to the dipole approximation, small deviations occur in the modelling. In addition,
noise was not used in the first investigations. This would not interfere with the algorithm
but would worsen the result. Inaccuracies caused by noise may be improved or corrected
by averaging the input signal. First experimental results indicate that the algorithm works
in practice. It has been observed that the averaged values each have an offset to the true
values. These deviations can be explained by the fact that there are model properties that
have not yet been taken into account. For example, the algorithm assumes that the sensor
is located exactly in the centre of the kinematic element. In this case, the sensor would
move on a circular path. However, as the sensor cannot be located in the centre in reality,
it tends to move along an elliptical curve. This leads to an error depending on the angle.
The dipole approach leads to further errors. The closer the sensor is to the source, the
worse the approximation becomes. In [25], it was shown that the deviation from the dipole
approximation at a distance of 20 times the radius of the source is only 0.0027%. This is the
case in our setup. If the algorithm is used in a setup where the distance cannot be kept large
enough, approaches as in [26] can be used. The variance of the measurement series differs
greatly. Particularly, it is unclear why the variance becomes smaller and smaller as the
sensor angle increases. The signal quality was almost the same in all measurement series,
so at first glance a similar variance could actually be assumed for each setup. However, the
transfer function from the MV to the sensor projection is non-linear, which would explain a
stronger fluctuation in the 0° range.

5.3. Computational Effort and Timings

For a motion capture system, the sample rate at which positions are captured is of
particular importance. Therefore, a high sample rate is needed for fast movements. In
human–machine interface applications, a low latency in the range of 15 ms is required. If
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the latency increases, surgery becomes more difficult for the user. To be able to guarantee
such a maximum latency, the required computing time must be kept as low as possible. For
this analysis, the implemented code was divided into each weighted individual operations.
A computing time of 3μs per joint and 60μs for a kinematic construct consisting of a hand
with up to 20 joints was determined. During the investigation, we have used a number of
15 iterations showing good results for the most setups. In a real application, this number
could be even reduced. Because of the limited moving speed of each kinematic chain
element, it is possible to use a well-fitting initial orientation. Especially for slow motions,
this would reduce the number of needed iterations. Note that the investigation shows only
a theoretically possible calculation time. In a real setup, there will be optimizations to the
signal processing pipeline, primarily consisting of pre-processing and feature extraction.
These additional parts will further increase the computational effort. Such promising
results and ideas for finding optimal conditions lead to the outcome that the theoretically
maximal latency can also be observed in a real application. Moreover, note that so far the
implementation has been performed without any computational parallelization. As an
example, the hand consists of several kinematic chains that can move independently of
each other. A multi-threading implementation would thus be a further step to increase the
efficiency and decrease latencies.

6. Conclusion and Outlook

This work has dealt with a new algorithm for motion tracking. To this end, we have
introduced spatially rotating magnetic dipole sources. In this context, the maximum vector
(MV) has been introduced as a new signal feature, and the spatial relationship between
the MV, the sensor position, and its orientation were investigated. The correlations were
linked to the model of a kinematic chain, such that this self-consistency was exploited and
a computationally efficient algorithm was developed. The algorithm was implemented and
validated in a real-time signal processing code. The performance was evaluated in terms of
the accuracy of the results and the required computational effort. It was shown that the
presented algorithm is very efficient in determining the posture of a kinematic chain. The
theoretical functionality of the algorithm has already been demonstrated by simulation and
with the realization of a first demonstrator. These were initially very simple movements
with only one degree of freedom. More complex movements of real people are planned
for a later stage of research. The behaviour of the algorithm in the presence of magnetic
interference or in the event of a sensor failure has not yet been investigated and will be
addressed in the future.

The algorithm currently uses a strong simplification of a kinematic chain. In addition,
the modelling must take into account further parameters such as the thickness, the precise
position of the sensor on the element and a potential tilting of the sensor. A consideration
of more details would increase the number of model parameters, and an automatic/semi-
automatic calibration procedure should be developed to keep it manageable. Moreover,
an additional automated distance measure could be beneficially for the stability of the
outcomes. Finally, as a 3D coil generates a signal that provides three independent pieces
of information and in the current implementation only two phases of information have
been used, from the absolute signal value, more distance information can be obtained. This
could be integrated with a Kalman filter approach as in [27] and/or correct a parameter of
the model during runtime so that the error can be minimized.

7. Patents

The content of this paper was used for a patent application. It was granted by the
German Patent Office with the patent number DE 10 2023 119 167.
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