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Abstract
Background The more accurate we can assess human physical behaviour in free-living conditions the better we 
can understand its relationship with health and wellbeing. Thigh-worn accelerometry can be used to identify basic 
activity types as well as different postures with high accuracy. User-friendly software without the need for specialized 
programming may support the adoption of this method. This study aims to evaluate the classification accuracy of two 
novel no-code classification methods, namely SENS motion and ActiPASS.

Methods A sample of 38 healthy adults (30.8 ± 9.6 years; 53% female) wore the SENS motion accelerometer 
(12.5 Hz; ±4 g) on their thigh during various physical activities. Participants completed standardized activities with 
varying intensities in the laboratory. Activities included walking, running, cycling, sitting, standing, and lying down. 
Subsequently, participants performed unrestricted free-living activities outside of the laboratory while being video-
recorded with a chest-mounted camera. Videos were annotated using a predefined labelling scheme and annotations 
served as a reference for the free-living condition. Classification output from the SENS motion software and ActiPASS 
software was compared to reference labels.

Results A total of 63.6 h of activity data were analysed. We observed a high level of agreement between the two 
classification algorithms and their respective references in both conditions. In the free-living condition, Cohen’s kappa 
coefficients were 0.86 for SENS and 0.92 for ActiPASS. The mean balanced accuracy ranged from 0.81 (cycling) to 0.99 
(running) for SENS and from 0.92 (walking) to 0.99 (sedentary) for ActiPASS across all activity types.

Conclusions The study shows that two available no-code classification methods can be used to accurately identify 
basic physical activity types and postures. Our results highlight the accuracy of both methods based on relatively 
low sampling frequency data. The classification methods showed differences in performance, with lower sensitivity 
observed in free-living cycling (SENS) and slow treadmill walking (ActiPASS). Both methods use different sets of 
activity classes with varying definitions, which may explain the observed differences. Our results support the use of 
the SENS motion system and both no-code classification methods.
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Background
Physical behaviour, encompassing both physical activity 
and sedentary behaviour, is recognized as a significant 
modifiable determinant of health. These behaviours are 
characterized by variables such as intensity, duration, 
and type, and are known to influence various health out-
comes [1–3]. Consequently, the development of accurate 
and user-friendly methods for the assessment of physi-
cal behaviour in health-related research and practice 
is pivotal. Such methods are instrumental for establish-
ing further associations with health outcomes, evaluat-
ing intervention efficacy, and implementing large-scale 
health monitoring [4, 5].

Recent advancements in wearable accelerometer tech-
nology have facilitated the objective assessment of physi-
cal behaviour in free-living conditions [6]. The placement 
of these sensors on the body significantly impacts the 
information embedded in the acceleration signal, thereby 
affecting the subsequent data processing and analysis 
capabilities. Thigh-worn accelerometers are increasingly 
being used in large cohort studies to study 24-hour physi-
cal behaviour patterns [4, 7]. The 3D acceleration signal 
can be used to calculate the inclination and acceleration 
of the thigh over a given time interval. Using validated 
activity classification algorithms, this information can be 
used to differentiate selected physical activity types and 
postures, such as sitting, standing, walking or cycling, 
with very high accuracy [5, 8–11].

However, the implementation of thigh-worn acceler-
ometers in research settings often presents challenges, 
particularly in terms of sensor attachment and data pro-
cessing, which typically require specialized knowledge. 
Recent research efforts offer some improvements regard-
ing standardisation [5, 12, 13]. A recent study indicated 
that health-related researchers using accelerometers 
often find code-based analysis to be too complicated to 
use [14]. Thus, no-code or low-code classification meth-
ods can support the use of objective measurement of 
physical activity types. Consideration of key aspects 
such as ease of use, high standardisation and simple pro-
cessing of sensor data can be considered crucial for the 
broader adoption of thigh-worn assessment methods in 
future studies [13].

The ActiPASS software was developed using the vali-
dated Acti4 algorithm [5, 8, 10] and integrates various 
methods for data processing, such as automatic calibra-
tion and reference identification [15]. ActiPASS allows 
the import and processing of different data formats used 
by various common accelerometer brands (e.g. Axiv-
ity, Actigraph, activPAL). The software encompasses a 
graphical user interface to allow a user-friendly interac-
tion. Several outputs can be used for further analysis, 
such as the export of 1-second activity classification data 
or summary tables.

The SENS motion accelerometer system (SENS Innova-
tion ApS, Copenhagen, Denmark), comprising a thigh-
worn accelerometer, adhesive patch and accompanying 
software is another notable development in the field of 
thigh-worn accelerometry. While being relatively new, 
the accelerometer system is already used as part of a 
national surveillance study on 24-hour physical behav-
iour [16]. The hardware of the accelerometer system 
represents an improvement over most commonly used 
accelerometer types, as it allows for wireless communi-
cation with a smartphone app and thus can enable fully 
remote data collection. In a research context, this can 
potentially help to reduce the burden for researchers and 
participants, decrease the time needed for data collection 
and increase adherence rates for large-scale studies [13].

The system additionally includes a web application 
which allows users to automatically perform activity clas-
sification and data export. Previous studies have inves-
tigated the validity of the system in clinical populations 
and under standardised laboratory conditions [17–19]. 
However, the systems classification accuracy in healthy 
adult populations and free-living conditions remains 
unknown. This study aims to address this gap by assess-
ing the accuracy of the SENS motion system in classify-
ing basic physical activity types and sedentary behaviour 
in healthy adults. Additionally, this research seeks to 
compare the performance of the SENS motion system’s 
classification algorithm with that of the validated algo-
rithms used in the ActiPASS software.

Methods
Participants
Thirty-eight healthy adults (53% female, age 30.8 ± 9.6 
years; body mass index 23.7 ± 3.1  kg/m²) were recruited 
via newsletters and posters at the university campus. 
Participants were eligible if they were between 18 and 59 
years, free from any known acute or chronic orthopae-
dic, neurological, or cardiovascular illness and otherwise 
capable of performing unrestricted physical activity.

We performed a simulation based on previous research 
[9] to determine the necessary sample size. Cohen’s 
Kappa values for the sample population were drawn from 
a continuous uniform distribution with a range of 0.60 
to 1. In total, n = 1.000 simulations were performed for 
each respective sample size. Based on the results from 
the simulations the necessary sample size was found to 
be approximately 34 subjects to achieve a mean standard 
error smaller than 0.02.

Instrumentation
The SENS motion system comprises a small-scale and 
lightweight triaxial accelerometer (47 × 22 × 4.5 mm, 7 g), 
a smartphone application for wireless data transfer and a 
browser-based web application for sensor management, 
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data analysis and data export. The accelerometer has a 
fixed sample rate of 12.5 Hz with a measurement range 
of ± 4 g and can be attached to the skin using an adhesive 
patch (Fig. 1). The waterproof sensor is to be placed on 
the lateral side of the thigh above the knee.

Laboratory protocol
Data collection encompassed a single visit to the labo-
ratory at the university campus for approximately 2.5 h. 
Upon arrival, each participant signed the informed con-
sent form including data privacy statement and answered 
the Physical Activity Readiness Questionnaire [20] to 
ensure inclusion criteria were met. Subsequently, the 
sensor was placed 10 cm above the lateral epicondyle of 
the femur of the right leg using the manufacturer’s adhe-
sive patch (Fig. 1). A total of five individual sensors were 
used in the study and one sensor was randomly selected 
for each participant from this pool of sensors.

A semi-standardised activity protocol with six activi-
ties and 14 conditions was performed by each participant 
(Table 1). The protocol was designed to simulate every-
day activities, different intensities, and body positions 
during a typical day. Each participant was instructed to 
mimic free-living behaviour as much as possible. During 
standing and sitting conditions, participants were placed 
at a height adjustable desk and had to solve a series of 
Sudoku puzzles. Walking and running were performed 
on an instrumented treadmill (quasar med, h/p/cosmos, 
Nussdorf-Traunstein, Germany) and cycling was per-
formed on a stationary cycling ergometer (ergoselect 100, 
Ergoline, Bitz, Germany). For the slow running condition, 
participants were specifically instructed to perform run-
ning motions instead of fast walking.

Table 1 Standardized activity protocol used for the laboratory 
condition
Activity type Description Duration 

(minutes)
Standing Upright standing at a height-adjust-

ed desk.
5

Sitting Sitting on a chair at a height-adjusted 
desk.

Lying (supine) Lying down in supine position with 
or without head on a foam pillow

3

Lying (side) Lying down on the left side with or 
without head on a foam pillow

Lying (prone) Lying down in prone position with or 
without head on a foam pillow

Walking (slow) Walking on treadmill with 0.5 m/s
Walking (moderate) Walking on treadmill with 0.8 m/s
Walking (fast) Walking on treadmill with 1.2 m/s
Running (slow) Running on treadmill with 1.8 m/s
Running (moderate) Running on treadmill with 2.3 m/s
Running (fast) Running on treadmill with 2.8 m/s
Cycling (slow) Cycling with 50 Watts and 40 rpm
Cycling (moderate) Cycling with 75 Watts and 60 rpm
Cycling (fast) Cycling with 100 Watts and 80 rpm
m/s = meters per second; rpm = revolutions per minute

Fig. 1 The SENS motion sensor (A) and adhesive patch (B). The SENS motion sensor is attached to the right lateral thigh (C). During free-living condition, 
the camera is mounted to the chest of the participant (D)
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Free-living protocol
Participants were equipped with a video camera (Hero 4 
Black Edition, GoPro, San Mateo, USA) to record their 
activities during the free-living protocol. The camera 
was placed on the participants chest using a chest har-
ness. The camera was positioned to point down at the 
feet to allow recording of the lower extremities (Fig. 1). 
The accelerometer data and video data were time-syn-
chronised using a motion-based marker. After a 15-sec-
ond period of rest, each participant dropped onto their 
heels three times from a toe stand, followed by another 
15-second period of rest. Following the synchronisation 
procedure, participants left the laboratory and were free 
to engage in any activity on and off the university cam-
pus for approximately 60 min. Participants were encour-
aged to engage in a variety of physical activities during 
the free-living condition. Where possible, participants 
were specifically encouraged to include cycling on their 
own bicycle in their activities. Participants then returned 
to the laboratory where the sensor and camera were 
collected.

Data processing
Processing of all tabular data was carried out using R Sta-
tistical Software (v4.3.2) [21]. A Shiny application [22] 
was developed in R to manually log the onset of each 

activity during the laboratory condition. Labelled time-
stamps from the Shiny app were used to create reference 
data for the laboratory condition. The accelerometer data 
were time synchronized with the Shiny app by quickly 
flipping over the accelerometer on a level surface and 
manually identifying the change in acceleration and the 
respective timestamp within the acceleration signal. We 
manually identified the heel drops and their respective 
timestamps in the video and raw acceleration data for 
time synchronization of the free-living data.

After data transfer, SENS activity classification is per-
formed automatically on the raw acceleration data with-
out the need for any user interaction. The acceleration 
data is classified in non-overlapping 5-second intervals. 
The resulting classification data were exported and down-
loaded in CSV format using the web application. The 
data were subsequently resampled by segmenting each 
5-second interval into five individual 1-second intervals 
to allow a direct comparison with the reference and Acti-
PASS classifications. Additionally, raw triaxial acceler-
ometer time-series data (12.5 Hz) was exported in binary 
file format (Fig.  2). The binary files were then imported 
into ActiPASS (Version 1.58 [15]) for activity classifica-
tion with default ProPASS mode settings. These include 
auto-calibration and auto-identification of the individual 
reference position [15, 23]. The ActiPASS classification is 

Fig. 2 Processing pipeline for the video annotation and activity classification using the SENS web-application and ActiPASS software
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based on the validated and open-source Acti4 algorithm 
and uses 2-second intervals with a 50% overlap as well as 
a mode-based filtering approach. The detailed design of 
the algorithm has been previously published [8, 24]. Acti-
PASS classification results were exported in CSV format 
in 1-second intervals. SENS and ActiPASS activity labels 
were further grouped into five primary physical activity 
types encompassing sedentary, standing, walking, run-
ning, and cycling (Additional file 1, Table S1). The group-
ing was performed to allow direct comparison between 
the algorithms output.

Videos were recorded at 30 frames per second and 
1920 × 1080 pixel resolution. Videos were automatically 
saved as consecutive 20-minute segments in an MP4 for-
mat on a 64 GB microSD memory card. Video data were 
downloaded from the wearable camera using associated 
software (GoPro Quik, Version 2.7.0.945). Video seg-
ments for each participant were subsequently merged 
using open-source video editing software (Shotcut, Ver-
sion 22.12.21). The videos were annotated following a 
coding scheme, which was adapted from a previous study 
[9] (Additional file 1, Table S2). Activities were labelled as 
undefined if they did not fit any of the activity labels.

Video data were annotated by a single rater using 
ELAN (Version 6.4) open-source video annotation soft-
ware [25]. First, videos were segmented on a frame-by-
frame resolution into individual activities using the 
software’s segmentation mode to identify the exact start 
and end of each activity. Each activity was then reviewed 
and labelled according to the coding scheme using the 
annotation mode. Subsequently, start and end times of 
each activity were rounded to the nearest full second to 
match the 1-second resolution of the activity classifica-
tions. The annotated video data were used as reference 
for the free-living condition. Five videos were randomly 
selected and subsequently annotated by a second inde-
pendent rater to quantify the interrater agreement.

Statistical analysis
The classification performance metrics for SENS motion 
and ActiPASS included precision, sensitivity, specificity, 
and balanced accuracy:

  • Precision was calculated as the sum of true positives 
divided by the sum of true and false positives.

  • Sensitivity was calculated by dividing the sum of 
true positives by the sum of true positives and false 
negatives.

  • Specificity was calculated as the sum of true 
negatives divided by the sum of true negatives and 
false positives.

  • Balanced accuracy was calculated as the mean of 
sensitivity and specificity.

Cohen’s Kappa [26] was calculated to quantify over-
all agreement between SENS motion and ActiPASS 
algorithms with the respective reference using the irr-
package [27]. Cohen’s Kappa was further calculated to 
quantify the level of agreement between the two raters 
for the video annotation.

Results
All (n = 38) participants performed each activity in the 
laboratory protocol except one who did not complete 
the last running condition. Cycling data for one partici-
pant was excluded due to sensor detachment. We fur-
ther excluded free-living data due to sensor detachment 
(n = 2) and insufficient lightning conditions (n = 1). For 
the free-living condition, data from n = 35 participants 
were used for analysis.

Labelled activity reference data for a total of 63.6  h 
were obtained during both conditions. A total time of 
34.6 h of video recordings were labelled with the respec-
tive activity class for the free-living condition. An addi-
tional 32 min of video data (1.5% of the total time) could 
not be labelled with any activity class (i.e. undefined) and 
15 min could not be annotated due to the camera being 
covered (i.e. due to extra clothing). In both cases, the data 
were excluded from further analysis. The distribution of 
each activity class for the free-living condition is shown 
in Fig.  3. Cohen’s Kappa for the interrater agreement 
between the two independent raters was 0.95.

Cohen’s Kappa values for the SENS classification and 
the corresponding reference for the laboratory and free-
living condition were 0.97 and 0.86, respectively. Cohen’s 
Kappa values for the ActiPASS classification were 0.88 
and 0.92. The performance metrics for both classification 
algorithms and the individual activity types are shown in 
Table 2. In the laboratory condition, mean balanced accu-
racy ranged from 0.96 to 0.99 for SENS and from 0.82 to 
0.99 for ActiPASS. In free-living conditions, mean bal-
anced accuracy for the SENS classification ranged from 
0.81 (cycling) to 0.99 (running), while mean balanced 
accuracy for ActiPASS ranged from 0.92 (walking) to 0.99 
(sedentary).

Misclassifications for both classification algorithms and 
conditions are shown in Fig.  4. The SENS classification 
algorithm misclassified 7.4% of laboratory cycling and 
29.7% of free-living cycling as walking. ActiPASS mis-
classified 34.8% of laboratory walking as standing. These 
ActiPASS misclassifications predominantly occurred 
during slow walking (0.5 m/s), which was misclassified as 
‘moving’ (i.e. standing) in 92.9% of all instances of slow 
walking.
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Discussion
This study aimed to evaluate the performance of two no-
code classification methods using the thigh-worn SENS 
motion accelerometer system during laboratory and 
free-living conditions. We compared the classification 
accuracy using the proprietary SENS motion algorithm 
and classification algorithms implemented in ActiPASS. 
The classification performance of both methods was 
highly accurate during laboratory conditions with mean 

balanced accuracy values ≥ 0.95 for all activity types, 
except for walking when using ActiPASS. Overall, mean 
balanced accuracy was lower for all activity types except 
walking during the free-living condition with values rang-
ing between 0.82 and 0.99 for SENS and 0.92 and 0.99 
for ActiPASS. To our knowledge, this is the first study to 
evaluate the classification accuracy of the SENS motion 
system (1) during free-living conditions, (2) in a healthy 
adult population and (3) including cycling as a distinct 

Table 2 Classification performance for SENS and ActiPASS classifications during laboratory and free-living conditions
Condition Algorithm Activity Precision Sensitivity Specificity Balanced Accuracy
Laboratory SENS Sedentary 0.98 [0.97, 0.99] 1.00 [1.00, 1.00] 0.99 [0.99, 0.99] 0.99 [0.99, 0.99]

Standing 0.99 [0.99, 1.00] 1.00 [1.00, 1.00] 0.99 [0.99, 1.00] 0.99 [0.99, 1.00]
Walking 0.93 [0.91, 0.95] 0.97 [0.96, 0.99] 0.98 [0.98, 0.99] 0.98 [0.97, 0.98]
Running 1.00 [1.00, 1.00] 0.99 [0.99, 0.99] 1.00 [1.00, 1.00] 0.99 [0.99, 0.99]
Cycling 1.00 [1.00, 1.00] 0.93 [0.90, 0.95] 1.00 [1.00, 1.00] 0.96 [0.95, 0.98]

ActiPASS Sedentary 0.99 [0.98, 1.00] 1.00 [1.00, 1.00] 0.99 [0.99, 1.00] 0.99 [0.99, 1.00]
Standing 0.60 [0.58, 0.62] 0.99 [0.98, 1.00] 0.92 [0.91, 0.92] 0.95 [0.95, 0.96]
Walking 0.93 [0.89, 0.97] 0.65 [0.62, 0.68] 0.98 [0.97, 0.99] 0.82 [0.80, 0.83]
Running 0.99 [0.98, 1.00] 0.92 [0.89, 0.96] 0.99 [0.99, 1.00] 0.96 [0.94, 0.98]
Cycling 1.00 [1.00, 1.00] 0.97 [0.92, 1.00] 1.00 [1.00, 1.00] 0.98 [0.96, 1.00]

Free-living SENS Sedentary 0.95 [0.92, 0.98] 0.97 [0.95, 0.99] 0.99 [0.98, 0.99] 0.98 [0.97, 0.99]
Standing 0.84 [0.78, 0.89] 0.80 [0.76, 0.84] 0.97 [0.95, 0.98] 0.88 [0.86, 0.90]
Walking 0.76 [0.70, 0.82] 0.95 [0.93, 0.97] 0.90 [0.88, 0.93] 0.93 [0.91, 0.94]
Running 0.95 [0.89, 1.00] 0.98 [0.96, 0.99] 0.99 [0.99, 1.00] 0.99 [0.98, 0.99]
Cycling 0.98 [0.97, 0.99] 0.61 [0.54, 0.68] 0.99 [0.99, 0.99] 0.81 [0.77, 0.84]

ActiPASS Sedentary 0.95 [0.92, 0.98] 0.99 [0.99, 0.99] 0.99 [0.98, 0.99] 0.99 [0.99, 0.99]
Standing 0.72 [0.68, 0.76] 0.94 [0.92, 0.96] 0.94 [0.93, 0.96] 0.94 [0.93, 0.95]
Walking 0.96 [0.94, 0.97] 0.85 [0.81, 0.88] 0.99 [0.98, 0.99] 0.92 [0.90, 0.93]
Running 0.97 [0.93, 0.99] 0.94 [0.89, 0.98] 0.99 [0.99, 0.99] 0.97 [0.95, 0.99]
Cycling 0.99 [0.99, 0.99] 0.91 [0.88, 0.94] 0.99 [0.99, 0.99] 0.95 [0.94, 0.97]

Fig. 3 Time distribution of the labelled video data for each primary activity class during free-living condition. Values in parenthesis represent minutes
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activity. This study complements ongoing research from 
the SurPASS project, developing and evaluating a physi-
cal behaviour surveillance system based on the SENS 
motion sensors [13].

Previous studies have investigated the classification 
accuracy of the SENS motion system in clinical adult 
populations. Bartholdy et al. [17] reported a 53% mean 
agreement between SENS and direct observation for 
classifying sedentary behaviour, standing, walking and 

miscellaneous activities in adults (n = 24) with knee osteo-
arthritis under laboratory conditions. Pedersen et al. [18] 
compared the SENS classifications to direct observa-
tion in a diverse clinical adult population. For time spent 
walking and standing, SENS achieved a median agree-
ment (ratio of classified to observed instances) of 88.9% 
and 67.7%, respectively. However, the exact SENS clas-
sification algorithms used for these previous studies may 

Fig. 4 Confusion matrices for SENS and ActiPASS for the laboratory and free-living conditions. A and B show the SENS motion activity classification 
during laboratory and free-living conditions, respectively. C and D show the ActiPASS classification and corresponding reference during laboratory and 
free-living conditions, respectively. Rows represent the reference activity classes and columns represent the estimated activity classes using the respec-
tive classification algorithm. Values represent row percentages
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differ from the underlying algorithm within our study 
due to ongoing development.

The Acti4 algorithm implemented in ActiPASS has 
been validated to accurately identify sitting, standing, 
walking, stair walking, running and cycling with speci-
ficity ≥ 0.93 and sensitivity ≥ 0.75 for most activity types 
during semi-standardized and free-living conditions [5, 8, 
10]. Notably, the SENS motion accelerometer has a low 
sampling frequency (12.5  Hz) when compared to other 
research grade accelerometers that were previously used 
with the Acti4 algorithm. Therefore, our results high-
light a comparable classification performance when using 
ActiPASS on SENS motion accelerometer data and sup-
port the use of ActiPASS across commonly used devices 
for thigh-worn accelerometry.

Slow walking may be challenging to detect using Acti-
PASS while SENS accurately classified slow walking 
as walking. In line with our results, Pedersen et al. [18] 
reported a high percentage agreement of the SENS sys-
tem when compared with direct observations for slower 
walking speed (< 0.67  m/s) in hospitalized patients. 
Previous studies have reported lower accuracy for the 
detection of slow walking using other thigh-worn accel-
erometers [18, 28]. While the precise SENS classifica-
tion algorithm remains unknow, it seems to consider 
the acceleration intensity, frequency and symmetry [29]. 
Given the deterministic design of the Acti4 algorithm 
used within ActiPASS, it can be inferred that the vertical 
standard deviation during continuous slow walking did 
not exceed 0.1 g and was thus classified as ‘moving’ [8]. 
To our knowledge, no study has yet examined the effect 
of walking speed on the classification accuracy of Acti-
PASS or Acti4. The chosen minimum threshold may not 
be applicable to walking at these low speeds and warrants 
further investigation.

A recently developed gradient boosting classification 
algorithm achieved an overall Kappa value of 0.85 using 
5-second epochs of thigh acceleration data [9]. Nota-
bly, the algorithm achieved a mean sensitivity of 0.90 
and mean specificity of 1.00 for free-living cycling. The 
classification performance during free-living conditions 
is equally high when compared to ActiPASS classifica-
tions. In our study, free-living cycling was not detected as 
accurately as cycling during laboratory conditions by the 
SENS algorithm. This may be due to short interruptions 
of the cyclic movement when the individual stops pedal-
ling (e.g., when doing a turn or cycling downhill). Only 
17.1% of the time labelled as static cycling was classified 
as cycling by the SENS motion classification algorithm. 
Further post-processing may be necessary to account 
for these sporadic misclassifications (i.e. by integrating 
preceding and subsequent activity labels). The ActiPASS 
classification algorithm performs a mode-based filter-
ing with a windows size of 29 s for cycling and achieved 

sensitivity values of ≥ 0.93 during outdoor cycling in pre-
vious validation studies [5, 8]. In our study, ActiPASS 
classified free-living cycling with substantially higher 
sensitivity (mean sensitivity = 0.91) compared to SENS 
(mean sensitivity = 0.61).

Classification accuracy of both SENS and ActiPASS 
for overall sedentary behaviour was excellent. It must 
be noted that the SENS algorithm only classifies overall 
sedentary behaviour and does not allow more granular 
analysis of sedentary behaviour types (e.g., differentiating 
between lying and sitting). Previous research highlights 
inaccuracies in distinguishing lying and sitting behav-
iour when using a single thigh-worn accelerometer and 
machine learning techniques [9, 30]. ActiPASS imple-
ments a decision-based algorithm that utilizes the angle 
of rotation of the thigh during a prolonged lying down 
period to differentiate sitting from lying [31, 32]. The 
algorithm was previously validated in a free-living adult 
working population with a mean sensitivity of 0.94 and 
specificity 0.95 for lying down. However, these results 
depend on the posture when lying down. High levels of 
misclassifications are to be expected in individuals that 
are less likely to roll over to the side while lying down, for 
example in populations with low mobility. In our study, 
only 25% of free-living and 76% of laboratory lying down 
was correctly classified using ActiPASS (Additional file 
2, Figure S1). This may be explained by relatively short 
time intervals of lying down within our free-living data 
without much rotation and often supine position. Thus, 
researchers wanting to differentiate between sitting and 
lying in positionally constrained individuals or aiming 
to detect short lying periods may still need to choose a 
multi-sensor setup to ensure sufficient accuracy [9, 30, 
33].

Strengths, limitations, and considerations
Strengths of the present study comprise the combina-
tion of standardised laboratory and unrestricted free-
living activities as well as the use of annotated videos 
as a gold-standard criterion measure for the free-living 
condition [34]. The range of movement speeds selected 
for walking, running, and cycling during the laboratory 
condition integrated slower motions (e.g., 40  rpm while 
cycling or walking with 0.5  m/s) into the protocol and 
was thus believed to be more challenging to classify cor-
rectly [18]. Our study benefits from the direct compari-
son of the novel SENS motion activity classification to 
the established ActiPASS software integrating validated 
algorithms.

The performance metrics were calculated based on 
activity groups (i.e. level walking and stair walking were 
grouped into walking) and did not directly assess the per-
formance for each individual activity class. This approach 
was chosen to allow a direct comparison of SENS and 
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ActiPASS classification methods. Further, some individ-
ual activity labels (e.g., sedentary behaviour with or with-
out movement) could not accurately be distinguished 
during video annotation. Classification accuracy for indi-
vidual activity labels (e.g. stair walking) may vary (Addi-
tional file 2, Figure S1). The chosen grouping approach 
affects the performance results in our study. For example, 
the activity classes ‘sporadic walking’ (SENS) as well as 
‘moving’ (ActiPASS) were grouped with ‘standing’ instead 
of ‘walking’. The choice was made based on the similarity 
to the video reference label ‘standing dynamic’. Accord-
ing to their definitions, these activity classes describe 
a participant standing upright with minor movements 
occurring without purposefully walking [15, 29]. It must 
be noted that the research field currently lacks a consen-
sus taxonomy for activity types, especially with regards 
to standing, stepping (or moving) and walking. This cur-
rently prohibits a detailed and meaningful analysis of 
these three individual behaviour types.

The exclusion of any other miscellaneous activity types 
(1.5% of the total free-living time in our study) for the 
analysis has an impact on the actual accuracy of both 
methods during unsupervised activities, as this reduces 
the number of false positive cases reported in our study. 
Researchers should be aware, that the accuracy during 
longer observation periods may be negatively impacted, 
depending on the prevalence of other miscellaneous 
activity types outside of the defined activity types.

The study sample was limited to healthy adults aged 
between 18 and 59 year and thus the results of our study 
may not reflect the classification performance within 
other populations such as elderly individuals or clinical 
populations with impaired movement patterns.

Both SENS and ActiPASS provide additional measures 
(i.e. step count and activity intensity) as additional out-
puts. The present study solely focussed on the classifica-
tion accuracy and no inference to the accuracy of these 
additional measures can be made.

The specific data processing steps and activity classifi-
cation algorithm integrated into the SENS motion system 
currently remain unknown. This presents an important 
limitation within the research context, as it prohibits any 
discussion and in-depth understanding of the underly-
ing parameters and algorithm design. A non-proprietary, 
open-source solution would allow researchers to inves-
tigate the influence of different parameter settings and 
potentially enhance the classification accuracy.

Future investigations
The ability to remotely manage sensors and access data 
without the need to visit a research site may enable 
fully remote study designs using the SENS motion 
accelerometer system. However, the overall feasibility 
of such remote studies should be the subject of future 

investigation. Important issues such as wear time com-
pliance, potential adverse events [12] and usability from 
the participant’s perspective when applying the sensors 
at home and unsupervised can be investigated. In par-
ticular, in our study we observed sensor detachment in 
hot and humid outdoor conditions in approximately 5% 
of participants. This may be a potential concern in larger 
studies and should be investigated further. The accurate 
detection of non-wear times is an important process-
ing step in any unsupervised multiday study. ActiPASS 
allows for manual and automatic non-wear time detec-
tion including custom parameter settings as part of its 
analysis pipeline. To our knowledge, the SENS motion 
web application currently does not allow for non-wear 
time detection.

Both classification methods include a predefined range 
of common activity types that are highly prevalent in 
the everyday physical behaviour of adults. However, the 
physical behaviour of free-living adults includes several 
activity types that are not included in these basic activ-
ity types. Future research is needed to better understand 
the impact of these undefined activity types on classifi-
cation accuracy and to potentially enable the classifica-
tion of additional activities (e.g. swimming, climbing, or 
jumping). In addition, our study protocol ensured accu-
rate placement of the sensor. Variations in placement on 
the thigh may affect classification accuracy and warrant 
further investigation.

Conclusions
We found substantial to near perfect classification per-
formance when using the novel SENS motion system and 
the validated ActiPASS software based on SENS motion 
accelerometer data in healthy adults. Users of both clas-
sification approaches need to be aware that classifica-
tion accuracy can vary between algorithms, conditions, 
and activity types. The accuracy of an algorithm that 
categorises physical behaviour is also influenced by the 
underlying definition of that behaviour. The SENS algo-
rithm provided highly accurate classification results for 
sedentary behaviour, walking, and running. The Acti-
PASS classification was superior to the SENS algorithm 
for free-living cycling, whereas it was not as accurate for 
slow walking under laboratory conditions. Researchers 
using ActiPASS should be cautious when studying walk-
ing in populations with lower walking speeds.

Overall, the results of our study support the use of 
thigh-worn accelerometers and readily available no-code 
classification approaches to accurately quantify physical 
activity types and postures of healthy adults in free-living 
conditions. Future research should incorporate a more 
heterogeneous sample and a broader range of activities to 
allow a more generalisable evaluation of the accuracy of 
both classification approaches. Given previous validation 
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results with other commonly used brands of acceler-
ometers, our findings support the use of ActiPASS as a 
generic activity classification software that allows data 
from different data sources to be pooled [5, 35].

In particular, both software classification methods can 
be used without any programming experience and are 
therefore considered to be easily accessible. The accuracy 
of no-code classification methods combined with wire-
less sensors can help to reduce the burden on researchers 
using thigh-worn accelerometer methods. These novel 
approaches may help to further establish the integration 
of objective measurements of 24-hour physical behaviour 
in future research studies.
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