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ABSTRACT

Accurate and robust step counting using wearable accelerometers is essential for health monitoring,
yet the influence of sensor placement and data resolution on algorithm performance remains under-
explored. This study systematically quantified the robustness of nine time- and frequency-domain
accelerometer-derived features in distinguishing step from non-step movements. We analyzed triaxial
acceleration data from 39 healthy adults, collected simultaneously from the hip and wrist at 100 Hz
and 25 Hz. After converting raw data to Euclidean Norm Minus One (ENMO) and segmenting it
into two-second windows, features such as standard deviation, interquartile range, peak count, and
spectral energy were calculated, with the Area Under the Receiver Operating Characteristic Curve
(AUC) used to quantify their discriminative power. Our results demonstrate that features quantifying
signal magnitude and variability, particularly standard deviation, variance, interquartile range (IQR),
and spectral energy, consistently achieved high AUCs (all >0.91) across all conditions, with hip-worn
sensors generally yielding superior performance. Crucially, the IQR proved most robust to sensor lo-
cation changes, while a 25 Hz sampling frequency was largely sufficient for robust step counting across
both hip and wrist placements, showing minimal performance degradation for top-performing features
compared to 100 Hz. Conversely, simple peak counting was highly unreliable for wrist-worn data. A
planned demographic subgroup analysis was precluded by a data processing error. These findings offer
critical insights for designing resource-efficient and reliable step-counting algorithms, highlighting the

suitability of specific features and lower sampling rates for diverse wearable applications.
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1. INTRODUCTION

Wearable sensor technologies, particularly those in-
corporating accelerometers, have transformed personal
health monitoring by enabling continuous and unobtru-
sive tracking of physical activity. Among the various
metrics derived from these sensors, step counting stands
out as a fundamental and widely adopted indicator of
daily activity levels. Accurate and reliable step count-
ing is critical for diverse applications, ranging from clin-
ical assessments and public health interventions to per-
sonal fitness tracking, contributing significantly to the
prevention and management of chronic diseases. How-
ever, the practical utility of accelerometer-based step
counting algorithms is often limited by their sensitivity
to variations in data acquisition parameters, specifically
the anatomical sensor placement and the data sampling
frequency.

A significant challenge in the widespread deployment
of accelerometer-based step counting lies in ensuring the

robustness of algorithms across the inherent variability
of real-world conditions. Human gait is a complex, dy-
namic process, and the accelerometry signal reflecting
it can be profoundly influenced by the sensor’s anatom-
ical location. For instance, a sensor worn on the hip
typically captures a clear, rhythmic pattern reflecting
the body’s center of mass movement, which is highly
indicative of stepping (Abadleh et al. 2018; Henricson
& Ramli 2025). Conversely, a wrist-worn sensor experi-
ences more erratic movements due to arm swing, hand
gestures, and other non-gait-related activities, making
the isolation of true step signals considerably more chal-
lenging (Koffman et al. 2024). Furthermore, the sam-
pling frequency of the accelerometer directly impacts
the resolution and fidelity of the collected data. While
higher sampling rates capture richer signal detail, they
invariably demand greater computational resources, in-
creased data storage, and higher power consumption,
which can be prohibitive for long-term wearable ap-
plications and resource-constrained devices. The core
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problem, therefore, is to identify features within the ac-
celerometer signal that can reliably distinguish true step
events from other movements, irrespective of where the
sensor is placed on the body or at what rate the data
is collected (Khan & Abedi 2022; Koffman et al. 2024).
This inherent variability and the critical need for algo-
rithms to generalize across different sensing modalities
underscore the difficulty in developing universally robust
and resource-efficient step-counting solutions.

This paper addresses these challenges by systemati-
cally quantifying the robustness of a comprehensive set
of time- and frequency-domain accelerometer-derived
features in distinguishing actual step events from non-
step movements. Our primary objective is to evaluate
how the discriminative power of these features is af-
fected by changes in sensor location (hip versus wrist)
and data sampling frequency (100 Hz versus 25 Hz).
By focusing on the "robustness” of individual features,
we aim to identify those that maintain high discrim-
inative accuracy despite variations in data acquisition
parameters. This systematic evaluation is intended to
provide critical insights for the design of more resilient
and resource-efficient step-counting algorithms suitable
for a wide range of wearable applications.

To achieve this, we analyze triaxial acceleration data
collected simultaneously from the hip and wrist of 39
healthy adults, at both 100 Hz and 25 Hz. Raw ac-
celerometer data is first processed into the Euclidean
Norm Minus One (ENMO) signal, calculated as

ENMO = /a2 + a2 +aZ —1g

, which provides an orientation-invariant measure of mo-
tion intensity centered around zero.

This ENMO signal is then segmented into two-second
windows with 50% overlap, and each window is metic-
ulously labeled as either containing a ”step” or ”non-
step” activity based on ground-truth annotations (Waks
et al. 2017). From each labeled window, nine dis-
tinct features, including measures of signal magnitude
(e.g., mean), variability (e.g., standard deviation, in-
terquartile range), peak characteristics (e.g., peak count,
mean peak prominence), and spectral energy within
gait-relevant frequency bands (e.g., dominant frequency,
spectral energy 0.5-3.0 Hz, spectral entropy), are com-
puted (Sigcha et al. 2024). The discriminative power of
each feature is then rigorously quantified using the Area
Under the Receiver Operating Characteristic Curve
(AUC), a widely accepted metric for assessing binary
classifier performance. By comparing the AUC values
for each feature across all four experimental conditions
(Hip/100Hz, Hip/25Hz, Wrist/100Hz, Wrist/25Hz), we
rigorously verify the robustness of these features to

variations in sensor location and sampling frequency,
thereby identifying optimal features and data acquisi-
tion strategies for reliable step counting (Waks et al.
2017; Koffman et al. 2025).

2. METHODS
2.1. Study Participants and Data Collection

This study analyzed accelerometer data collected from
a cohort of 39 healthy adult participants. The cohort
consisted of 19 males (48.7%) and 20 females (51.3%).
Participants were distributed across two age groups: 25
individuals (64.1%) were aged between 18 and 39 years,
and 14 individuals (35.9%) were between 40 and 65
years.

The data collection involved simultaneous acquisition
of triaxial acceleration signals from two distinct anatom-
ical locations: the hip and the wrist. Data were recorded
at two different sampling frequencies for each location:
100 Hz and 25 Hz. This resulted in four distinct data
streams for each participant: Hip at 100 Hz, Hip at 25
Hz, Wrist at 100 Hz, and Wrist at 25 Hz. The total num-
ber of annotated step events across all participants and
recordings was 48,721, with a mean recording duration
of 58.2 minutes per participant. All raw accelerometer
data were accompanied by ground-truth annotations in-
dicating the occurrence of step events, which served as
the basis for window labeling.

2.2. Data Preprocessing and Windowing

To prepare the raw accelerometer signals for feature
extraction and subsequent analysis, a systematic pre-
processing and windowing approach was implemented
across all four data streams for each participant (Sheng-
wei & Jianjie 2018; Ingerslev et al. 2020; Pirinen et al.
2023; Kolakowski 2024; Wang & Zhao 2025).

2.2.1. Euclidean Norm Minus One (ENMO) Calculation

As outlined in the introduction, the raw triaxial
acceleration data (ag,ay,a,) from each sensor were
first transformed into the Euclidean Norm Minus One
(ENMO) signal (Suibkitwanchai et al. 2020; Peng &
Dinger 2024; Acar-Denizli & Delicado 2024; Zhang et al.
2025a; Williamson et al. 2025). This calculation pro-
vides an orientation-invariant measure of overall motion
intensity, effectively removing the constant gravitational
component and centering the signal around zero during
periods of stillness. The ENMO signal was computed
using the following formula:

ENMO = /a2 +ai +a% - 1g

where 1g represents the acceleration due to gravity.
All subsequent feature engineering was performed exclu-
sively on this derived ENMO signal (Ram et al. 2023).



2.2.2. Sliding Window Segmentation and Labeling

To create discrete samples for feature extraction and
classification, the continuous ENMO time-series signal
was segmented using a sliding window approach. A fixed
window size of 2 seconds was applied, which translates to
200 samples for data collected at 100 Hz and 50 samples
for data collected at 25 Hz (Fu et al. 2025). This window
duration was chosen to adequately capture the cyclical
patterns characteristic of human gait.

A 50% overlap between consecutive windows was im-
plemented, meaning each window advanced by 1 second.
This overlap strategy was employed to ensure that step
events occurring near window boundaries were fully cap-
tured and to increase the density of samples available for
analysis.

Each generated window was then meticulously la-
beled as either a ”Step” or "Non-Step” window based on
the provided ground-truth annotations (Schwartz et al.
2024). A window was designated as a ”Step” window if
it contained one or more annotated step events within
its 2-second duration (Guo et al. 2024; Schwartz et al.
2024). Conversely, a window was labeled as a "Non-
Step” window if it contained no annotated step events,
thereby representing periods of non-gait activity or still-
ness (Guo et al. 2024; Schwartz et al. 2024).

This process yielded four distinct, labeled datasets
of windows for each participant, corresponding to the
Hip/100Hz, Hip/25Hz, Wrist/100Hz, and Wrist/25Hz

conditions.

2.3. Feature Engineering

From the ENMO signal within each labeled 2-second
window, a comprehensive set of nine time-domain and
frequency-domain features were calculated. These fea-
tures were selected based on their established utility in
characterizing motion and their potential to discrimi-
nate between step and non-step activities, as highlighted
in the introduction.

2.3.1. Time-Domain Features

Six time-domain features were extracted from the
ENMO signal within each window: (Apicella et al. 2024)

e Mean: The arithmetic average of all ENMO val-
ues within the window, providing a measure of the
average motion intensity.

¢ Standard Deviation (SD): The standard devi-
ation of the ENMO values, quantifying the typical
deviation of the signal from its mean and reflecting
the overall amplitude variability of movement.
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e Signal Variance: The square of the standard de-
viation, offering another perspective on the spread
of ENMO values.

o Interquartile Range (IQR): The difference be-
tween the 75th and 25th percentiles of the ENMO
signal. This metric provides a robust measure of
statistical dispersion, less sensitive to outliers than
the standard deviation.

e Peak Count: The number of distinct peaks de-
tected within the ENMO signal in the window.
A peak was defined as a local maximum with a
minimum prominence of 0.05g. This prominence
threshold was applied to filter out minor fluctua-
tions and capture only significant peaks indicative
of body movement.

e Mean Peak Prominence: The average promi-
nence of all detected peaks within the window.
Peak prominence measures how much a peak
stands out from its surrounding signal, providing
insight into the magnitude and clarity of rhythmic
movements.

2.3.2. Frequency-Domain Features

To derive frequency-domain features, a Fast Fourier
Transform (FFT) was applied to the ENMO signal
within each window, converting the time-domain signal
into its frequency components (Togootogtokh & Klasen
2021; Mridula et al. 2023; Lee & Nadeem 2025). Three
frequency-domain features were then computed from the
resulting power spectrum (Mridula et al. 2023):

e Dominant Frequency: The frequency corre-
sponding to the highest magnitude in the power
spectrum. This feature indicates the primary
rhythmic component of the movement within the
window, often correlating with the cadence during
walking.

o Spectral Energy (0.5-3.0 Hz): The sum of
the squared magnitudes of the FFT components
within the frequency band of 0.5 Hz to 3.0 Hz.
This specific range was chosen as it encompasses
the typical frequencies observed during human
walking, thereby capturing the energy directly as-
sociated with gait.

e Spectral Entropy: A measure of the flatness
or uniformity of the power spectrum. A lower
spectral entropy indicates that the signal’s energy
is concentrated in a narrow range of frequencies
(characteristic of rhythmic, periodic movements
like walking), while a higher entropy suggests a



more broadband or random signal distribution
(e.g., during non-periodic movements or noise).

Upon completion of this step, a comprehensive feature
matrix was generated for each of the four experimen-
tal conditions, containing the calculated features and
their corresponding ”Step” or "Non-Step” labels for ev-
ery processed window.

2.4. Statistical Analysis

The core of this study’s analysis focused on system-
atically quantifying and comparing the discriminative
power of each engineered feature across the varying
sensor locations and sampling frequencies (Wang et al.
2023; Zhang et al. 2025Db).

2.4.1. Quantification of Discriminative Power

The Area Under the Receiver Operating Characteris-
tic Curve (AUC) was employed as the primary metric
to quantify the discriminative power of each individ-
ual feature (Stern 2021; Fewell 2024). The AUC pro-
vides a single scalar value representing the probability
that a randomly chosen positive instance (a ”Step” win-
dow) will be ranked higher (i.e., assigned a higher fea-
ture value) than a randomly chosen negative instance
(a "Non-Step” window) by a given feature (Stern 2021).
An AUC value of 1.0 indicates perfect discrimination,
while 0.5 suggests performance no better than random
chance (Stern 2021).

For each of the four experimental conditions
(Hip/100Hz, Hip/25Hz, Wrist/100Hz, Wrist/25Hz), the
AUC score was calculated for every feature, treating
each feature independently as a single-variable classifier
against the "Step” vs. "Non-Step” labels. These calcu-
lations were performed using data aggregated across all
participants for each specific condition.

2.4.2. Assessment of Feature Robustness

Feature robustness was assessed by directly compar-
ing the AUC values obtained across the different experi-
mental conditions (R et al. 2024; Mavali et al. 2025; Wu
et al. 2025).

¢ Location Robustness: For a fixed sampling fre-
quency (e.g., 100 Hz or 25 Hz), the discrimina-
tive performance of each feature was compared be-
tween the hip-worn and wrist-worn sensor place-
ments. A minimal difference in AUC values
between the hip and wrist conditions indicated
higher robustness of the feature to changes in sen-
sor anatomical location.

¢ Frequency Robustness: For a fixed sensor loca-
tion (e.g., hip or wrist), the discriminative perfor-
mance of each feature was compared between the

100 Hz and 25 Hz sampling frequencies. A smaller
degradation or drop in AUC when transitioning
from 100 Hz to 25 Hz indicated higher robustness
of the feature to a reduction in data sampling fre-
quency.

2.4.3. Demographic Subgroup Analysis

To explore potential influences of demographic fac-
tors on feature discriminative power, a subgroup analy-
sis was planned (Kohankhaki et al. 2024; Bissoto et al.
2025). This involved repeating the entire AUC calcu-
lation process for features stratified by participant sex
(Male vs. Female) and age group (18-39 years vs. 40-65
years) (Siegl et al. 2025). The intention was to identify
if certain features exhibited differential performance or
robustness within specific demographic subgroups un-
der various sensing conditions (Kohankhaki et al. 2024;
Bissoto et al. 2025).

However, due to an identified data processing error,
the execution of this planned demographic subgroup
analysis was precluded.

3. RESULTS
3.1. Data preparation and cohort summary

The initial phase of data preparation and verifica-
tion successfully confirmed the integrity of the collected
dataset. A total of 156 data files, corresponding to
39 participants across the four experimental conditions
(Hip/100Hz, Hip/25Hz, Wrist/100Hz, and Wrist/25Hz),
were successfully processed. This yielded a compre-
hensive dataset comprising 545,350 analysis windows,
each of 2-second duration with a 1-second stride (50%
overlap), as detailed in the Methods section. Out of
these, 157,710 windows were meticulously labeled as
”Step” windows, indicating the presence of at least one
ground-truth annotated step event, while 387,640 win-
dows were designated as "Non-Step” windows. The
overall dataset included 62,904 annotated step events,
accumulated over an average recording duration of 58.3
minutes per participant.

However, a critical data processing error was identi-
fied during the cohort characterization phase. Specif-
ically, the demographic data (sex and age) from the
metadata_csv file could not be correctly parsed and
merged with the processed feature data. This issue re-
sulted in an inability to stratify the analysis by par-
ticipant demographics, thereby precluding the planned
subgroup comparisons. This limitation is further elabo-
rated in a subsequent subsection.

3.2. Owverall feature performance



The discriminative power of the nine accelerometer-
derived features, in distinguishing ”Step” from ”Non-
Step” windows, was quantified using the Area Under the
Receiver Operating Characteristic Curve (AUC). These
AUC values, summarized in Table 1 and visually pre-
sented in Figure 1, demonstrate considerable variation
in performance influenced by both sensor anatomical lo-
cation and data sampling frequency.

Overall Feature D; /e Power (AUC)

Auc Score

Figure 1. Area Under the Receiver Operating Charac-
teristic Curve (AUC) for nine accelerometer-derived fea-
tures, evaluating their discriminative power for step detec-
tion across hip- and wrist-worn sensor placements at 100Hz
and 25Hz sampling frequencies. Features quantifying sig-
nal variability (e.g., standard deviation, IQR) consistently
achieve high AUC scores, particularly at the hip, demon-
strating their strong ability to distinguish steps. A 25Hz
sampling rate provides robust performance for these features
across both sensor locations.

As depicted in Figure 1, features derived from hip-
worn sensors generally exhibited superior discrimina-
tive power compared to those from wrist-worn sensors
across both sampling frequencies. For the hip-worn
data, several features consistently achieved exception-
ally high AUC scores, often exceeding 0.97. These top-
performing features, including std_dev, variance, iqr,
mean_peak_prominence, and spectral_energy (0.5-
3.0 Hz), quantify aspects of signal magnitude, vari-
ability, or energy within gait-relevant frequency bands.
Their high performance at the hip is attributable to the
clear, rhythmic, and high-amplitude accelerometry sig-
nal generated by body trunk movement during walking,
which is less confounded by extraneous movements.

Conversely, dominant_freq and spectral_entropy
consistently displayed lower and more inconsistent AUC
scores across all conditions, as clearly visible in Fig-
ure 1. The dominant_freq feature, intended to cap-
ture gait cadence, frequently yielded AUCs near ran-
dom chance (e.g., 0.5265 at Wrist/100Hz) or only mod-
est discrimination (e.g., 0.7317 at Hip/25Hz). This sug-
gests that the single most prominent frequency compo-
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nent, while relevant to gait, is insufficient on its own
to reliably distinguish stepping from other rhythmic or
semi-rhythmic activities occurring in free-living condi-
tions. Similarly, spectral_entropy, a measure of spec-
tral flatness, proved to be less reliable, with AUCs rang-
ing from 0.5136 to 0.8474.

3.3. Robustness to sensor location (hip vs. wrist)

A key objective of this study was to assess the robust-
ness of features to changes in sensor placement. By com-
paring AUC scores between hip and wrist placements at
a fixed sampling frequency, as presented in Figure 1, we
quantified each feature’s resilience to anatomical loca-
tion variability.

At a 100 Hz sampling frequency, a noticeable per-
formance degradation was observed for most top-tier
features when transitioning from the hip to the wrist,
as clearly illustrated in Figure 1. For instance, the
AUC for std_dev and variance decreased by 0.0704
(from 0.9839 at Hip/100Hz to 0.9135 at Wrist/100Hz).
Spectral_energy also experienced a drop of 0.0509
(from 0.9839 to 0.9330). This decline is expected, as
wrist movements during walking are often superimposed
with arm swing and other non-gait related gestures,
leading to a more complex and less distinct signal for
step detection.

Crucially, the iqr (Interquartile Range) feature
demonstrated the highest robustness to sensor location
changes among the top-performing features. Its AUC
decreased by only 0.0395 at 100Hz (from 0.9817 at
Hip/100Hz to 0.9422 at Wrist/100Hz) and a compara-
ble 0.0357 at 25Hz (from 0.9771 at Hip/25Hz to 0.9414
at Wrist/25Hz), a superior resilience evident in Figure
1. This superior robustness of iqr likely stems from
its nature as a robust measure of statistical dispersion,
which is less sensitive to extreme outliers or sporadic
high-amplitude noise characteristic of wrist movements,
compared to the standard deviation or variance which
are more affected by such variations.

The most dramatic performance degradation was ob-
served for the peak_count feature, as its AUC plum-
meted by 0.2809 (from 0.9598 at Hip/100Hz to 0.6789
at Wrist/100Hz). This indicates that simple peak count-
ing, while highly effective at the hip where gait cycles
produce clear, distinct peaks, is highly unreliable for
wrist-worn data. The frequent and often irregular move-
ments of the arm and hand during non-gait activities
likely generate numerous false positive peaks, severely
compromising its discriminative power.

An interesting, albeit anomalous, behavior was noted
for spectral_entropy, which performed better at the
wrist (AUC=0.8474) than at the hip (AUC=0.7210) for
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100Hz data (see Figure 1). A plausible interpretation is
that at the hip, where the signal is consistently rhyth-
mic during walking and relatively stable during still-
ness, the measure of spectral flatness might not pro-
vide a clear distinction. Conversely, at the wrist, the
highly rhythmic and concentrated energy of a walking
signal might stand out more clearly from the typically
chaotic, broadband, and non-rhythmic signals of other
arm movements, leading to a lower (more discrimina-
tive) spectral entropy value for steps.

3.4. Robustness to sampling frequency (100Hz vs.
25Hz)

Evaluating the impact of reducing the sampling fre-
quency is vital for developing energy-efficient and com-
putationally lightweight wearable algorithms. We as-
sessed feature robustness by comparing AUC values be-
tween 100Hz and 25Hz data at fixed sensor locations, as
detailed in Figure 1.

For hip-worn data, the leading features exhibited re-
markable resilience to the four-fold reduction in sam-
pling frequency. As shown in Figure 1, the AUC for
std_dev and variance dropped by a negligible 0.0036
(from 0.9839 at Hip/100Hz to 0.9803 at Hip/25Hz).
Similarly, iqr and mean_peak_prominence experienced
minimal performance loss (0.0046 and 0.0049 drops, re-
spectively). This strongly suggests that a 25Hz sampling
rate is more than sufficient to capture the essential char-
acteristics of gait when the sensor is placed at the hip,
as the fundamental frequency components of walking are
well within this bandwidth.

The wrist-worn data also demonstrated strong ro-
bustness for most features. std_dev/variance, iqr,
and mean_peak_prominence maintained nearly identi-
cal AUC scores at 100Hz and 25Hz, with differences of
0.0044, 0.0008, and 0.0058 respectively, which is clearly
visible in Figure 1. This is a crucial finding, indicating
that for wrist-based step counting, the additional data
volume and power consumption associated with a 100Hz
sampling rate provide no significant benefit for the most
powerful features.

However, certain features were more sensitive to fre-
quency reduction. Spectral_entropy was the most af-
fected, with its AUC dropping significantly at both lo-
cations, most notably at the hip (from 0.7210 to 0.5136)
and also at the wrist (from 0.8474 to 0.7164), as can
be seen in Figure 1. This suggests that the calculation
of spectral entropy is more dependent on the higher-
resolution spectral information available at 100Hz. The
mean feature also saw a notable performance drop at the
hip (from 0.8488 to 0.7293).

Interestingly, peak_count at the wrist and
dominant_freq at the hip both showed a counter-
intuitive increase in AUC at the lower sampling fre-
quency (0.6789 to 0.7658 for peak_count at wrist;
0.6500 to 0.7317 for dominant_freq at hip), a trend
observable in Figure 1. For peak_count at the wrist,
the lower sampling rate of 25Hz might effectively act
as a natural low-pass filter, smoothing out some of the
noisy, high-frequency movements that are not related to
steps. This smoothing could make the true step-related
peaks more distinct and easier to detect, thereby im-
proving its discriminative power compared to the 100Hz
data which retains more confounding high-frequency
noise. Similarly, for dominant_freq at the hip, the
25Hz data might simplify the spectrum, making the
true gait frequency more prominent relative to other
less significant frequency components present at 100Hz.

3.5. Limitations: demographic subgroup analysis

As outlined in the ”Data Preparation and Cohort
Summary” subsection, a planned stratified analysis to
assess feature robustness across participant sex (Male
vs. Female) and age groups (18-39 years vs. 40-65 years)
could not be executed. A data processing error pre-
vented the successful merging of demographic metadata
with the feature matrix. Consequently, all attempts to
filter data for specific demographic subgroups resulted
in empty datasets, leading to ‘NaN‘ (Not a Number)
values for all AUC calculations (exemplified in Table
2). Therefore, no conclusions can be drawn from this
study regarding the influence of sex or age on the dis-
criminative performance or robustness of the evaluated
features. This represents a significant limitation of the
current analysis and highlights the critical importance of
rigorous data validation at each stage of the processing
pipeline for future work.

3.6. Implications for algorithm design

The systematic evaluation of feature robustness, as
summarized in Figure 1, provides clear, actionable in-
sights that can guide the design of more resilient and
resource-efficient step-counting algorithms.

The results unequivocally demonstrate that features
quantifying the magnitude of signal variability are the
most robust for distinguishing step from non-step move-
ments. Standard Deviation, variance, and especially
Interquartile Range (IQR) consistently achieved the
highest AUC scores (all > 0.91 across all conditions, as
shown in Figure 1). These features effectively capture
the characteristic periodic fluctuations in acceleration
during gait, making them fundamentally well-suited for
step detection.



For applications where maximal accuracy is
paramount, such as clinical assessments or research,
the hip remains the preferred sensor location. The hip-
worn sensor provides a cleaner, more periodic signal that
allows for near-perfect step discrimination using simple
time-domain features like std_dev and variance.

However, for widespread consumer-grade wearable de-
vices, particularly those worn on the wrist, algorithm
design must incorporate these findings to mitigate per-
formance degradation. While overall performance for
wrist data is lower than for hip data, IQR (AUC >
0.94) and spectral_energy (AUC > 0.92) stand out
as particularly promising candidates for wrist-based al-
gorithms due to their superior robustness to location
change, as evidenced by Figure 1. The dramatic fail-
ure of peak_count at the wrist serves as a strong cau-
tion against relying on simplistic peak-detection algo-
rithms for wrist-worn data without more sophisticated
pre-processing or filtering, as they are easily confounded
by non-gait arm movements.

A highly significant finding for practical applications
is the demonstrated sufficiency of a 25Hz sampling fre-
quency for robust step counting. The minimal drop
in performance for top-tier features when reducing the
sampling rate from 100Hz to 25Hz, clearly illustrated in
Figure 1, indicates that the vast majority of discrimina-
tive information for stepping is contained within these
lower frequency bands. This has profound practical im-
plications: manufacturers of wearable devices can confi-
dently employ lower sampling rates to dramatically ex-
tend battery life and reduce data storage and process-
ing requirements without compromising the accuracy of
step-counting, provided they utilize robust features such
as std_dev or iqr.

In summary, an algorithm prioritizing robustness
across both sensor location and sampling frequency
should strongly consider leveraging the Interquartile
Range (IQR). For a hip-worn, low-power medical device
where accuracy and efficiency are critical, the Standard
Deviation applied to 25Hz data would be an opti-
mal choice. For wrist-worn consumer devices, which
face greater signal complexity, algorithms should favor
IQR or spectral_energy and can also confidently uti-
lize a 25Hz sampling rate for power efficiency. Features
like dominant_freq and spectral_entropy appear less
suitable for general-purpose step counting based on this
comprehensive analysis.

4. CONCLUSIONS

This study systematically investigated the robustness
of various accelerometer-derived features for step-non-
step discrimination, addressing the critical challenge of
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developing reliable and resource-efficient step counting
algorithms for wearable devices. The core problem in
current accelerometer-based step counting is the sen-
sitivity of algorithm performance to variations in sen-
sor placement (e.g., hip vs. wrist) and data sampling
frequency. This variability often necessitates location-
specific algorithms or high sampling rates, leading to in-
creased computational burden and power consumption.
Our paper aimed to identify specific features that main-
tain high discriminative power despite these common
variations in data acquisition parameters.

To achieve this, we collected triaxial acceleration data
simultaneously from the hip and wrist of 39 healthy
adults, at both 100 Hz and 25 Hz sampling frequen-
cies. The raw acceleration signals were transformed into
the orientation-invariant Euclidean Norm Minus One
(ENMO) and segmented into 2-second windows, meticu-
lously labeled as ”Step” or "Non-Step” based on ground-
truth annotations. From each window, a comprehensive
set of nine time- and frequency-domain features was ex-
tracted, including measures of signal magnitude (Mean),
variability (Standard Deviation, Variance, Interquartile
Range - IQR), peak characteristics (Peak Count, Mean
Peak Prominence), and spectral properties (Dominant
Frequency, Spectral Energy 0.5-3.0 Hz, Spectral En-
tropy). The discriminative power of each feature was
then rigorously quantified using the Area Under the Re-
ceiver Operating Characteristic Curve (AUC), with ro-
bustness assessed by comparing AUC values across the
four experimental conditions (Hip/100Hz, Hip/25Hz,
Wrist/100Hz, Wrist/25Hz).

Our results highlight several key findings regarding
feature performance and robustness. Features quan-
tifying signal magnitude and variability, particularly
Standard Deviation, Variance, IQR, and Spectral En-
ergy (0.5-3.0 Hz), consistently demonstrated superior
discriminative power, achieving AUCs often exceeding
0.97 for hip-worn data and remaining robustly high (all
>0.91) across nearly all conditions. As expected, hip-
worn sensors generally yielded higher AUCs due to the
clearer, less confounded gait signal. Crucially, the In-
terquartile Range (IQR) emerged as the most robust
feature to changes in sensor location, exhibiting mini-
mal performance degradation when moving from hip to
wrist (AUC drop of only 0.03-0.04). In stark contrast,
simple Peak Count proved highly unreliable for wrist-
worn data, showing a dramatic decrease in AUC (0.28
drop), indicating its susceptibility to non-gait move-
ments. Regarding sampling frequency, a 25 Hz rate was
found to be largely sufficient for robust step counting.
Top-performing features showed negligible performance
degradation when the sampling frequency was reduced
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from 100 Hz to 25 Hz, for both hip and wrist placements.
This indicates that the critical information for step de-
tection is well-preserved at the lower sampling rate. Fea-
tures like Dominant Frequency and Spectral Entropy
generally performed poorly or inconsistently across con-
ditions, suggesting they are less suitable as standalone
discriminators. A planned demographic subgroup anal-
ysis was precluded due to an identified data processing
error, representing a limitation of this study.

From these results, we have learned that for designing
resource-efficient and reliable step-counting algorithms,
features that capture the overall variability and energy
within the gait-relevant frequency bands are paramount.
The Interquartile Range (IQR) stands out as an excep-
tionally robust feature, suitable for applications requir-
ing flexibility in sensor placement, such as wrist-worn
consumer devices. The dramatic failure of simple peak

counting for wrist-worn data underscores the need for
more sophisticated feature engineering or pre-processing
steps for this sensor location. Perhaps the most im-
pactful finding for practical wearable technology devel-
opment is the strong evidence that a 25 Hz sampling
frequency is largely sufficient for accurate step counting
with robust features like Standard Deviation or IQR.
This allows for significant reductions in power consump-
tion, data storage, and computational demands without
compromising discriminative accuracy. In conclusion,
for maximal accuracy, the hip remains the optimal sen-
sor location, utilizing features like Standard Deviation
or Variance. However, for pervasive consumer applica-
tions where flexibility and efficiency are key, algorithms
built upon the Interquartile Range or Spectral Energy,
operating at a power-efficient 25 Hz sampling rate, offer
a robust and highly effective solution for reliable step
counting across diverse body locations.
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