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Abstract
Human activity recognition (HAR) research often lacks accessi-
ble, comprehensive !eld data. Commercial systems are rarely open
source, hard to expand, and limited by issues like node synchro-
nisation, data throughput, unclear sensor placement, complexity,
and high cost. As a result, researchers typically use only a few
intuitively placed sensors and conduct limited !eld trials. HARN-
ode overcomes these challenges with a fully open-source hardware
and software platform. Each node includes an ESP32-S3 module
(AtomS3), a 9-axis IMU (Bosch BMX160), pressure and tempera-
ture sensors (Bosch BMP388), a display, and an I2C port. Data is
streamed via Wi-Fi, with NTP-based time synchronisation achiev-
ing 1 ms accuracy. The system runs for up to 8 hours and is built
using o"-the-shelf parts, a simple online PCB service, and a com-
pact 3D-printed housing with Velcro straps, enabling #exible and
scalable body placement while requiring little hardware knowledge.
In a study with ten subjects wearing eleven HARNodes each, setup
took under !ve minutes per person. A random forest classi!er dis-
tinguished walking from stair-climbing transitions, showing the
bene!ts of sensor-overprovisioning: Seven nodes achieved → 98%
accuracy, matching the performance of all eleven. These !ndings
con!rm HARNode’s value as a fast-deploying, scalable tool for
!eld-based HAR research and optimised sensor placement.

CCS Concepts
• Computer systems organization ↑ Sensors and actuators; •
Human-centered computing ↑ Ubiquitous and mobile devices; •
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1 Introduction and Related Work
Wearable inertial sensors have become extremely compact and
a"ordable, leading to their widespread use in mobile and wear-
able computing research. In particular, inertial measurement units
(IMUs) are commonly used for human activity recognition (HAR),
including classi!cation of activities such as level walking and stair
climbing [23, 29]. A major limitation in human activity detection re-
search and use is the availability of a large amount of collected data,
especially in very speci!c application domains where meaningful
data can only be collected in the !eld. In our application example,
HAR using IMUs is essential for real-time gait transition detection
and adaptive assistance in wearable exoskeletons to support elderly
and mobility-impaired individuals [17, 25].

Currently, due to technical limitations - e.g. node synchronisa-
tion time and throughput - and practical considerations - setup time
and cost - we mostly rely on a limited number of wearable sensors
on the body, typically positioned at one or two body locations [21].
This is suboptimal, as the correct positioning of the wearable on
the body is based more on intuition than evidence.

In this paper, we present a fully open-source, extendable wear-
able system that addresses these issues and is tuned for fast and
easy setup (including a fast setup procedure) and data collection
in the !eld with an (almost) arbitrarily large number of highly
synchronised sensor nodes.

Table 1: Comparison of adaptable wearable IMU sensor sys-
tems. Open= open-source; Max = maximum number of IMU
nodes; BT = Bluetooth; prop. = proprietary; 7 nodes are a typ-
ical max. for BT

System Open Max Connectivity Features
OpenSenseRT [6] Yes 6–8+ Wired sensors Low cost; easy assembly

movisens EdaMove 4 [2] No (7) BT, USB EDA; steps; waterproof
Xsens Awinda [3] No 17 prop. High accuracy
APDM Opal [5] No 24 prop. Gait analysis
Noraxon [4] No (7) propr. +BLE EMG integration

BioX Bands [27] No (7) BT SPP FSR for muscle-contraction
HARNode (ours) Yes 100+ Wi-Fi (802.11 b/g/n) Fast !eld setup; low cost; extendable

Existing open-source alternatives, such as OpenSenseRT [24], are
constrained by wired con!gurations, external battery requirements,
and complex setup procedures, or are commercial. Table 1 gives
a short overview of various systems and compares them to this
paper’s approach. In addition to these works, speci!c devices have
been reported, for example for mass sensing on the body [26]. We
have excluded such work, as it is not intended to be easily usable
or reproducible by researchers.

Central to the solution presented in this paper is the use of
o"-the-shelf components, including an ESP32-based AtomS3 micro-
controller with integrated display for status monitoring and sensor
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identi!cation. Each node has a built-in 9-axis IMU (accelerome-
ter, gyroscope, magnetometer), as well as barometric pressure and
temperature sensors. All the hardware is housed in a compact 3D-
printed case, which also !ts the battery and is secured to the body
with #exible Velcro straps, making the nodes lightweight, wireless,
and easy to attach to di"erent parts of the body. Data is streamed
over Wi-Fi, and we use a high-precision NTP-based method for
time synchronisation of the nodes. All elements of HARNode are
completely open source, including hardware, !rmware, and the
server.

In addition to describing the hardware, software, system, and
its use to set up !eld data collection, we also report a small proof-
of-concept study that demonstrates the capabilities of the system.
Here, we conducted a study with 10 participants, each wearing 11
HARNodes positioned on di"erent parts of the body. The goal was
to collect motion data during stair approach to systematically inves-
tigate which sensor placements are most informative for detecting
transitions relevant to exoskeleton control.

2 Challenges and Design Requirements
Current work on human activity recognition (HAR) in the wild
is constrained by data scarcity – often addressed using additional
synthetic data (e.g. Hong et al. [15]), communication and synchro-
nisation limits [10], high deployment cost [16], and ad hoc sensor
placement [14][19]. Translating these observations into explicit de-
sign requirements is essential for scalable, evidence-based sensing
systems. We identi!ed the following requirements.

(1) Time alignment and constrained throughput. Multi-
node wearables drift by several milliseconds on commodity
Bluetooth links, corrupting feature fusion and frequency
analysis [9].
Requirement: Best-of-the-art commodity sub-millisecond
time-stamping, high (↓50kbit/s) throughput, local bu"ering
with burst upload

(2) Deployment overhead. Every additional node in#ates hard-
ware, !tting and maintenance costs; user surveys list don-
ning time, comfort and aesthetics as primary barriers [18, 22].
Requirement: single-board MCUs with integrated IMUs,
tool-less Velcro or textile mounts, semi-automatic node con-
!guration to cut setup below 20 seconds per node.

(3) Evidence-free sensor placement. Recognition accuracy
varies sharply with body location; mis-placement can halve
F-scores [11].
Requirement: Standardised setup for systematic placement
campaigns, with high number of nodes to !nd optimal place-
ments, and modular housings enabling quick repositioning.

(4) Wearability aspects. Wearability aspects must be taken
into account, as summarised by Zeagler [28].
Requirement: Hardware and housing should be appropriate
for attachment, taking into account e.g. attachment points
and other wearability factors and practical factors such as
battery life.

3 Hard- and Software
The HARNode Wearable system consists of three main elements:
The HARNode hardware, the software (HARNode device !rmware

and server software), and an o"-the-shelf computer or laptop as
a server. The hardware and software developed in this work are
open-source and tailored for ease of use, also outside the laboratory
environment.

3.1 Hardware
We developed a PCB and platform based on the M5Stack AtomS31.
The PCB snaps into a custom 3D-printed housing that also !ts the
battery and has Velcro straps for easy attachment. Overall lifetime
with a single fully charged battery is designed to be between 2-8
hours for the below given sampling rates and power consumption
numbers (variations depend on battery size and Wi-Fi/RF situation).

3.1.1 AtomS3. The core of the HARNode is an AtomS3 microcon-
troller, whose schematic and source code is also open-source under
the MIT licence. It is based on the ESP32-S3 architecture (Xtensa
LX7 dualcore, 300 µs/min RTC deviation [13]) and has an integrated
display and button, as well as Wi-Fi (IEEE 802.11 b/g/n) and Blue-
tooth 5 (LE) connectivity. In our setup while using a sample rate
of 166.67 Hz, the average power consumption is 350 mA @ 3.3 V
(Wi-Fi + CPU).

3.1.2 PCB. An overview of the PCB and its schematic can be seen
in Figure 1. The components include:

• Bosch BMX160, a 9-axis inertial measurement unit (IMU):
accelerometer (up to 1600 Hz,180 µA), gyroscope (up to 6400
Hz, 850 µA), magnetometer (12 Hz, 600 µA)

• Bosch BMP388 pressure sensor (up to 200 Hz, 700 µA, 2 cm
resolution in height di"erence) and temperature sensor (200
Hz, ±0.5 ↔C)

• NanJing Top Power ASIC TP4056X linear lithium-ion charg-
ing controller

• Winsok SemiconductorsWSTDW01 battery protection circuit
• Texas Instruments TPS61023 boost converter: to supply the
AtomS3 with 5 V, from 3 V - 4.2 V from the battery

• Jauch LP523450JU or LP103450JH 950 mAh / 5.5 mm thick-
ness / 25 g or 1900 mAh / 10 mm / 35 g 3.7 V lithium-polymer
battery (connected to the board)

• On/O" switch
• USB-C charging port
• 2.54 mm header pins to plug in the AtomS3 (and additional
sensor boards), providing power and access to the sensors
via an I2C bus

With the schematic and Gerber !les provided2, the assembled
PCB can be ordered online, e.g. at JLCPCB3. Only the battery needs
to be soldered to the PCB; apart from that, no hardware knowledge
is required.

3.1.3 3D-printed enclosure. The 3D-printed housing, depicted in
Figure 2A, !ts the PCB and provides, by default, 35 x 55 x 5.5 mm
space for a battery, e.g. a Jauch LP523450JU 950 mAh 3.7 V lithium-
polymer battery. Like the PCB, the housing is open-source and its
STL !le is provided, for online production, or by printing yourself4.
The battery is installed by soldering its terminals to the pads on the
1https://docs.m5stack.com/en/core/AtomS3
2https://github.com/teco-kit/HARNode
3https://jlcpcb.com
4https://github.com/teco-kit/HARNode
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Figure 1: (A) Schematic diagram of the sensor node, showing the sensors, and power circuitry; (B) Assembled sensor node PCB
with labelled components.

PCB. This housing provides a tight !t for the PCB; it slides right
in and stays in place, requiring no adhesives. To the left and right
of the housing, there are slots where Velcro straps are attached to
mount the HARNode to the body, as explained below.

3.1.4 Velcro Straps. To attach the HARNode to the body, a #exible
50mmVelcro loop band is used, depicted in Figure 2B. The narrower
slot in the housing is where the strap is stapled, and the broader side
features a pass-through slot for adjusting the strap. After threading
the strap through this slot, the Velcro hook strip at the end can be
secured to the loop band. For this, 5 cm of 50 mm self-adhesive
Velcro hook band is glued onto the end of the loop band.

A B
Hook Band
self-adhesive StaplesLoop Band

AtomS3Slots
for Velcro straps

Battery
compartment

Figure 2: (A) Rendering of the 3D-printed HARNode housing;
(B) Assembled HARNode with Velcro straps and labelled
components.

3.2 Assembly
The assembly of a HARNode is straightforward and requires only
!ve simple steps. Anyone who is comfortable soldering two wires
to the PCB is able to assemble the HARNode.

3.2.1 Prerequisites. To build the HARNode, the items listed in Ta-
ble 2 are needed. A stapler and a soldering iron are also required
(and a 3D printer if the case is self-printed). The cost of one HARN-
ode depends on the quantity of required items ordered but does
not exceed approximately 48 AC. The price of 20 assembled PCBs

including shipping was 217.95 AC at JLCPCB, which is less than 11 AC
per PCB.

Table 2: Items needed to build a HARNode, including approx-
imate prices.

Item Approx. Price (€)
Assembled PCB 11

3D printed Housing <1
Suitable Battery 10

50 mm Loop Band (per meter) 3
50 mm Adhesive Hook Band (per meter) 3

M5Stack Atom3 20
Total 48

3.2.2 Assembly Process. The assembly process is depicted in Fig-
ure 3 and consists of !ve steps: 1) First, the PCB is plugged into
the 3D printed housing by pushing it through the mounting brack-
ets of the housing. The housing ensures a tight !t; no adhesives
are required. 2) Then, the battery is inserted into the battery com-
partment underneath, and 3) both terminals are soldered onto the
corresponding pads on the PCB. 4) Now the AtomS3 can be plugged
in, onto the PCB. 5) Then, the Velcro strap loop band is attached by
inserting it into the narrower slot of the housing, using a stapler to
secure it. Finally, about 5 cm of self-adhesive hook band is glued
onto the end of the loop band.

3.3 Software
The software needed to operate HARNodes includes the !rmware
running on the AtomS3’s as well as the server that receives the UDP
packets sent by the HARNodes. Both have been custom-developed
and are released as open-source software5.

5https://github.com/teco-kit/HARNode

1285



UbiComp Companion ’25, October 12–16, 2025, Espoo, Finland Philipp Lepold, Tobias Röddiger & Michael Beigl

A B DC E

IMU 1

Data:    9/30
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Figure 3: Assembly process of HARNode: (A) The PCB is plugged into the 3D-printed housing; (B) the battery
is inserted into the battery compartment; (C) Both battery terminals are soldered onto the PCB; (D) The
AtomS3 is plugged in; (E) The loop band is attached by stapling, and a piece of hook band is glued to its end.

3.3.1 Firmware. The !rmware of the nodes is fully customisable,
to tweak the sampling rate and sensor con!guration that are used.
It is written in C++ using the Arduino framework and is deployed
via PlatformIO6, making it easy to adapt to your needs. Each node
connects through a list of prede!ned Wi-Fi SSIDs that must be
provided in the !rmware beforehand. In this way, we reduce the
setup time while maintaining #exibility to run parallel studies.
The node !rst sends three NTP-requests towards the local server
(and interpolates the received times to accommodate for round
trip time), to synchronise each node to about 1 ms in average (5
ms max.) [20] for standard !eld setups with one access point and
multiple HARNodes. NTP requests are repeated every minute to
keep the deviation of the RTC clock in the microsecond level. Once
the NTP response is received and the node is synchronised, it starts
sending UDP packets with a default of 30 sensor readings per packet,
with an adjustable default sampling rate of 166.67 Hz (read every 6
milliseconds), which we found to be a good compromise between
motion detection, battery life, and achievable time synchronisation
while preventing UDP packet fragmentation [12].

3.3.2 Server. The NodeJS server provides the NTP responses that
each HARNode requests, receives, and stores all UDP data packets,
and provides a web-based GUI to start recordings and synchro-
nise a video feed to the HARNodes, provided by the webcam or a
connected phone.

3.4 Operation
To use HARNodes, a Wi-Fi access point is required. Any access
point can be used, including smartphone-based hotspots or other
mobile access points, enabling ad hoc setups outside the laboratory.
The amount of HARNodes usable is limited only by the router’s
and server’s hardware used. For example, phone hotspots are often
limited to a few connected devices [8], but ordinary Wi-Fi access
points can typically handle many more connections. In our setup,
each HARNode sent a packet with 1082 bytes of data at 5.6 Hz
(166.67 Hz sampling rate, 30 datapoints of 9-axis 32-bit #oat IMU
data + 8 bit for ID + 8 bit for the number of data points in one

6https://platformio.org

Feet: 1, 2

Shins: 3, 4

Thighs: 5, 6

Waist: 7

Chest: 9

Head: 8

Wrists: 10, 11

Figure 4: Sensor node placement on participant. For our vali-
dation study, we used 11 HARNodes, positioned on the feet
(1, 2), shins (3, 4), thighs (5, 6), waist (7), head (8), chest (9),
and both wrists (10, 11).

packet), which is approximately 6.06 kB/s or → 48.48 kbit/s. Even
with very conservative estimates of only 5 Mbit/s e"ective data rate
for a 2.4 GHz 802.11 n network (in theory, the maximum possible
minimal data rate is 72.2 Mbit/s, up to 600 Mbit/s [1]) would easily
enable more than 100 nodes: 5 Mbit/s

48.48 kbit/s → 103 nodes.
The Wi-Fi network credentials must be entered in the !rmware

before #ashing. After turning on HARNode, it automatically con-
nects to the enteredWi-Fi network and starts streaming. The server
must be connected to the same Wi-Fi network to receive the sensor
streams.
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4 Field Setup and Deployment
A key feature of our system is the standardised deployment pro-
cedure that enables a fast, error-minimised setup in !eld environ-
ments. Before a study session, each sensor node is charged and
#ashed with the appropriate !rmware. The experimenter begins
by powering on all HARNodes; each device will show a default
identi!er on its display. The following steps are then performed to
instrument the participant:

(1) Assigning position via the display: Taking one node at
a time, the researcher !rst scrolls through the numbers of
body positions using the built-in button (see Figure 4). The
chosen label appears on the screen, con!rming that this
node is intended for that location. Then we cycle to the
speci!c position on the body (front, back, left, right (seen
from the front)), which currently makes a total of 44 possible
positions.

(2) Attach node to participant: The node is placed at the
corresponding body location and secured by tightening its
Velcro strap. Thanks to the one-size-!ts-most strap design,
this process only takes a few seconds per sensor and does
not require precise alignment or calibration !xtures - the
goal is to place the IMU roughly over the intended body
segment. The display helps to ensure correct orientation: as
long as the text on the screen is the right way up, the sensor
node is correctly placed.

(3) Repeat for all sensors: Steps 1 - 2 are repeated for each
sensor node until the participant is wearing the full set of
required IMUs (in our example case: 11 nodes, coveringmajor
limbs and torso). The integrated displays help to quickly
verify that every intended body location has a sensor and
each sensor is correctly identi!ed. It also shows Wi-Fi and
server connectivity.

(4) Initialise recording: Once all nodes are in place, the re-
searcher uses the server’s web interface to start the synchro-
nised recording. At this moment, a broadcast command is
used to signal the nodes to note the start of an o$cial trial.
All sensor data streams are timestamped against the NTP-
synchronised clocks as they arrive at the server. The GUI can
also initiate a simultaneous video recording if needed. The
participant can then perform the experimental tasks while
the system logs all the data in the background.

Using this procedure, the entire setup (from donning sensors to
beginning data capture) can be completed in just a few minutes,
even with a large number of sensors. The protocol is highly repeat-
able and does not require special technical skills, which facilitates
consistent deployment across di"erent operators or study sites.
By minimising setup time and complexity, our system lowers the
barrier to conduct multi-sensor !eld studies in realistic environ-
ments, enabling researchers to gather rich motion data with ease
and reliability.

5 Validation Study
To validate the capabilities of the HARNodes and to deliver a con-
tribution to systematically !nding relevant positions for IMUs in
exoskeletons, we conducted a study to train a machine learning

model to precisely detect the moment when somebody walks to-
wards stairs, before their feet even touch the !rst step.

5.1 Setup
Ten participants (mean weight 74.55 kg ±22.46; mean height 1.75 m
±0.10; 10 right-footed, 1 left-footed) each wore 11 HARNodes and
completed 10 repetitions of walking towards stair ascent, 10 towards
descent, and 2 minutes of level walking. The distance from start to
the stairs was 2 metres. HARNodes were strategically positioned
on key body locations to capture comprehensive movement data
(on both feet, shins, thighs and arms, as well as on the waist, chest
and head), as shown in 4. IMU data were sampled at 166.67 Hz
and streamed via Wi-Fi with 30 data points per UDP packet, per
HARNode, towards a laptop (MacBook ProM3) which ran the server
software. Each stair-walking activity was recorded on video for
manual labelling.

5.2 Pre-Processing
The raw sensor data of all 11 HARNodes were aligned and interpo-
lated using the precise, NTP-based, timestamps of each node, and
then normalised across all sensors and participants. Each session
was labelled either "walking" or "towards stairs", based on the video
recordings as ground truth. We de!ne the start of stair-approach
intervals as the moment when both legs and feet are aligned in a
parallel position, immediately prior to the leading leg initiating the
!nal step before stair ascent; the end of the stair-approach interval
as the moment immediately preceding foot placement on the !rst
step in stair ascent, or just before the leading foot moves below the
stance foot to contact the step in stair descent.

The continuous data streams were then segmented into !xed-
length windows of 25 samples with 75% overlap to facilitate feature
extraction. From these segmented windows, the mean, standard
deviation, minimum, maximum, range, median, kurtosis and skew
were extracted as features for each sensor and axis (ax, ay, az, gx, gy,
gz, mx, my, mz; a: accelerometer, m: magnetometer, g: gyroscope).
Left- or right-footedness was also included as a feature for each
participant. Balancing of class distribution in the dataset was always
performed before model training, by randomly sampling from the
under-represent class. This allows us to compare accuracy as a
metric, because it is not skewed.

5.3 Classi!cation
For the classi!cation task, a random forest machine learning model
was used, applying a 70/30 train/test split. Random forests de-
liver good performance even for our limited amount of training
data, which would make it unfeasible to use state-of-the-art deep-
learning models such as CNNs and Transformers [7].

6 Evaluation
To determine both the number and the placement of sensor nodes
required for good classi!cation performance, we employed sen-
sor overprovisioning and trained random forest models for binary
classi!cation ("walking" and "towards stairs") across all possible
combinations of sensor positions (211 = 2048 models). For every
amount of sensor (1-11), the model with the highest accuracy was
calculated, depicted in Figure 5.
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Figure 5: Plot showing number of HARNodes for the classi!-
cation task vs highest classi!cation accuracy of any combi-
nation of n sensors. Using 3-11 nodes results in nearly the
same accuracy of → 98%.

The best model with all 11 sensor nodes achieves 98.01% accuracy
(Leave-one-subject-out cross-validation mean accuracy: 90.99% ±
5.62), while the highest overall accuracy of 98.38% (LOOCV mean
accuracy: 90.53% ± 3.74) is achieved with only 7 nodes. Even only
using three sensor nodes (left foot, left wrist and waist), results in
98.06% accuracy (LOOCVmean accuracy: 88.74%± 5.62), surpassing
11 sensor nodes. The detailed precision and recall values for all
classi!cations can be seen in Table 3.

Table 3: Classi!cation accuracy, as well as precision and re-
call for the binary classi!cation walking vs walking towards
stairs; Acc. = Accuracy; Prec. = Precision; Rec. = Recall.

# Sensors Acc. (%) Walking (%) Towards Stairs (%)
Prec. Rec. Prec. Rec.

1 95.39 98.33 92.36 92.79 98.43
2 97.43 98.81 96.02 96.13 98.85
3 98.06 99.25 96.86 96.93 99.27
4 98.17 99.36 96.96 97.03 99.37
5 98.32 99.46 97.17 97.24 99.48
6 98.22 99.36 97.07 97.13 99.37
7 98.38 99.46 97.28 97.34 99.48
8 98.27 99.57 96.96 97.04 99.58
9 98.32 99.57 97.07 97.14 99.58
10 98.22 99.68 96.75 96.85 99.69
11 98.01 99.67 96.34 96.45 99.69

This clearly shows that only using a small subset of all sen-
sors achieves comparable performance, proving the importance of
screening for overprovisioning of sensors when building a human
activity recognition system. When trying to !nd the best location
for IMUs this is especially useful, for example, in exoskeletons. Not
only is the performance important, but also the speci!c location
and amount of IMU’s required. We therefore also looked at !ve
speci!c body positions with practical interest, with a maximum
of 4 sensor nodes and computed their classi!cation accuracies for
the stair detection task, shown in Table 4. For example, a sensor

Figure 6: Confu-
sion matrix for
binary classi!ca-
tion (walking vs
towards stairs) of
the model with
the highest classi-
!cation accuracy
(7 HARNodes).

node on the wrist is similar to a watch and socially acceptable; feet,
legs, and waist are already covered by the exoskeleton, and a sensor
on the head could be hidden inside a hat, for instance. The results
show that with decreasing numbers of sensor nodes on the body,
the accuracy drops, but not signi!cantly. Only when relying on
only the foot as single sensor placement, we see a sharper decline
in accuracy.

Table 4: Five HARNode locations of interest, due to their
practicality and their respective classi!cation accuracies.

Sensor Locations Accuracy (%)
right foot, right thigh, right shin, waist 97.07
right foot, right thigh, right wrist 96.34
right foot, right thigh 95.39
right foot, right wrist, head 96.49
right foot 90.26

7 Conclusion
The HARNode system addresses key challenges in the collection
of !eld data for human activity recognition (HAR), in particular
the need for high node synchronisation (approx. 1 ms) and the
easy handling of a large number of sensors. Based on open-source
hardware (ESP32-S3, Bosch BMX160 IMU), it enables quick setup in
the !eld and streaming of data via Wi-Fi. A proof-of-concept study
with 10 participants and 11 HARNodes validated the system for
recognising the transition to stair climbing and demonstrated the
practical value of rapid sensor setup and sensor overprovisioning
(11 sensors = 3 selected sensors, → 98% classi!cation accuracy).

Future endeavours include developing a revised body attachment
model with more attachment points, automating the calculation of
optimal sensor combinations, providing more diverse attachment
options beyond Velcro straps, further minimising setup time, and
integrating online annotation features during !eld data collection.
All resources about the HARNode system are publicly available
under the MIT licence on https://github.com/teco-kit/HARNode.
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