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ABSTRACT

Reliable step counting in free-living conditions is essential for health monitoring, but its accuracy
is challenged by the diversity of wearable sensor configurations and user populations. This study ad-
dresses these challenges by developing a cross-configuration transfer learning framework to assess the
generalizability of machine learning models for step counting. Using Leave-One-Subject-Out Cross-
Validation, we trained a LightGBM model on high-fidelity hip-worn accelerometer data (100Hz) from
39 participants. We then rigorously evaluated its zero-shot transferability to data from different sensor
locations (wrist) and reduced sampling frequencies (25Hz), aiming to identify generalizable motion
patterns. While the source model demonstrated strong baseline performance (Mean Absolute Error:
387.54 steps, Mean Absolute Percentage Error: 12.88%), direct transfer resulted in significant and
statistically confirmed performance degradation across all target configurations. Errors escalated con-
siderably for wrist-worn data and lower sampling rates, culminating in a Mean Absolute Error of
1978.11 steps and a Mean Absolute Percentage Error of 66.91% for the Wrist 25Hz configuration. This
degradation was characterized by systematic step underestimation and increased inter-individual vari-
ability. Interestingly, statistical analyses revealed no significant differences in transfer performance
based on participant sex or age range, indicating that the challenges posed by cross-configuration
transfer affect demographic subgroups equitably. These findings underscore the inherent difficulties
of directly applying models across vastly different sensor configurations without adaptation, and sug-
gest that demographic factors may not be the primary determinants of performance loss in zero-shot
transfer scenarios for step counting.
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1. INTRODUCTION

The accurate and reliable measurement of physical
activity, particularly step counting, stands as a fun-
damental pillar in modern health monitoring, disease
prevention, and rehabilitation strategies. The pervasive
adoption of wearable sensors has enabled individuals
to continuously track their activity levels in free-living
environments, opening unprecedented avenues for per-
sonalized health interventions and large-scale epidemi-
ological investigations. However, the true utility and
trustworthiness of these technologies are critically de-
pendent on the robustness and accuracy of their under-
lying step-counting algorithms across the diverse and
unpredictable scenarios encountered in daily life.

A substantial and persistent challenge in achieving
this desired robustness stems from the inherent variabil-
ity in wearable sensor configurations and the heterogene-
ity of user populations. Wearable devices are available

in myriad form factors and are typically worn at differ-
ent anatomical locations, such as the hip, wrist, or an-
kle, each capturing distinct kinematic signals. Further-
more, these devices often operate at a range of sampling
frequencies, from high-fidelity rates (e.g., 100 Hz) that
capture subtle motion nuances, to lower, more energy-
efficient rates (e.g., 25 Hz) designed to prolong battery
life.

Machine learning models, traditionally trained on
data from a specific sensor setup, frequently exhibit
significant and unacceptable performance degradation
when directly applied to data from a different location
or a reduced sampling rate. This ”cross-configuration”
challenge arises because sensor placement fundamen-
tally alters signal characteristics; for instance, wrist-
worn sensors capture substantial non-gait-related arm
movements that confound step detection, while hip-worn
sensors primarily reflect trunk motion. Similarly, re-
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duced sampling frequencies can obscure crucial high-
frequency components of gait, making accurate step
identification considerably more difficult. The current
necessity for extensive re-training or laborious calibra-
tion for each new configuration is impractical and un-
sustainable for widespread real-world deployment across
a heterogeneous device ecosystem.

This study directly addresses these critical limitations
by developing and rigorously evaluating a novel Cross-
Configuration Transfer Learning Framework for
Robust Step Counting in Free-Living Conditions.
Our groundbreaking idea involves training a resource-
efficient machine learning model, specifically a Light-
GBM regressor, on high-fidelity accelerometer data ob-
tained from a hip-worn sensor operating at 100 Hz. This
configuration serves as our "source” domain, represent-
ing an optimal data collection scenario for step counting.
We then systematically assess the model’s "zero-shot”
transferability, meaning its direct application without
any re-training or adaptation, to data from alternative,
more challenging configurations: a hip-worn sensor at
a reduced 25 Hz sampling rate, a wrist-worn sensor at
100 Hz, and a wrist-worn sensor at 25 Hz. By quanti-
fying the performance of this source model across these
diverse target configurations, our primary aim is to iden-
tify the extent to which generalizable motion patterns
can be learned and transferred across vastly different
sensor setups, and to understand the specific factors that
impede or facilitate such transfer in the context of step
counting.

To comprehensively verify the effectiveness and limi-
tations of our proposed framework, we employ a multi-
faceted evaluation strategy (Seth et al. 2025). The base-
line robustness and generalizability of our source model
to previously unseen individuals are rigorously estab-
lished through Leave-One-Subject-Out Cross-Validation
(LOSO-CV) on the Hip 100Hz data. Model perfor-
mance during cross-configuration transfer is quantified
using standard regression metrics, specifically Mean Ab-
solute Error (MAE) and Mean Absolute Percentage Er-
ror (MAPE), calculated for total step counts across par-
ticipants (Cheng et al. 2022; Ferrer et al. 2024).

Crucially, we utilize non-parametric statistical tests,
such as the Wilcoxon signed-rank test, to determine
the statistical significance of any observed performance
degradation when transferring the model to the tar-
get configurations (Cheng et al. 2022). Furthermore,
we delve into the influence of participant demograph-
ics, including sex and age range, on transferability by
performing detailed subgroup analyses and employing
Mann-Whitney U and Kruskal-Wallis tests (Cheng et al.
2022).

This exhaustive verification process allows us to not
only highlight the inherent difficulties of direct model
transfer across vastly different sensor configurations
without adaptation, but also to provide critical in-
sights into whether demographic factors significantly
contribute to performance disparities in these challeng-
ing zero-shot transfer scenarios (Cheng et al. 2022). The
findings of this research are paramount for informing the
development of future-proof, energy-efficient, and uni-
versally applicable step-counting algorithms for the next
generation of wearable health technologies (Seth et al.
2025).

2. METHODS

The methodology employed in this study was metic-
ulously designed to develop and rigorously evaluate a
cross-configuration transfer learning framework for ro-
bust step counting. The process encompassed sev-
eral distinct phases, from data acquisition and prepro-
cessing to advanced machine learning model training,
cross-configuration transfer, and comprehensive statis-
tical analysis. Parallel processing capabilities were ex-
tensively utilized, particularly for computationally in-
tensive tasks such as feature engineering and cross-
validation, to ensure efficient execution.

2.1. Data Collection and Participant Cohort

The dataset comprised accelerometer data collected
from 39 participants, providing a diverse foundation
for evaluating the robustness of step counting algo-
rithms (Abadleh et al. 2018; Sun et al. 2024; Koffman
et al. 2024). For each participant, tri-axial accelerome-
ter data (X, Y, Z axes) were simultaneously recorded
from two distinct anatomical locations: the hip and
the wrist (Abadleh et al. 2018; Sun et al. 2024; Koff-
man et al. 2024). Data from each location were col-
lected at two different sampling frequencies: a high-
fidelity rate of 100 Hz and a more energy-efficient rate
of 25Hz (Abadleh et al. 2018; Koffman et al. 2024).
This resulted in four distinct sensor configurations for
each participant: Hip 100Hz, Hip 25Hz, Wrist 100Hz,
and Wrist 25Hz (Sun et al. 2024; Koffman et al. 2024).
Ground truth step counts were derived from expert-
annotated video recordings, ensuring high accuracy for
model training and evaluation (Sun et al. 2024). Partic-
ipant metadata, including sex (20 male, 19 female) and
age range (15 aged 18-29, 14 aged 30-49, 10 aged 50+),
were also collected and integrated for demographic sub-
group analyses.

2.1.1. Eazxploratory Data Analysis

Prior to model development, an extensive exploratory
data analysis (EDA) was conducted to characterize the



dataset and identify inherent signal differences across
configurations. The Signal Vector Magnitude (SVM),
calculated as y/x2 + y2 + 22, was computed for all ac-
celerometer data (Donckt et al. 2024,7). The EDA
confirmed that while the total step counts were con-
sistent across configurations for each participant, the
signal characteristics varied significantly. Notably, the
mean SVM was observed to be higher and exhibited
greater variability for wrist-worn data (Mean SVM: 1.18
+ 0.45 g) compared to hip-worn data (Mean SVM: 1.05
+ 0.21 g) (Urbanek et al. 2016; Straczkiewicz et al.
2022). This finding underscored the challenge posed
by non-gait-related arm movements captured by wrist
sensors, which can confound step detection and hinder
direct model transfer, as highlighted in the introduction
(Straczkiewicz et al. 2022).

2.2. Data Preprocessing and Feature Engineering

To prepare the raw accelerometer time-series data
for machine learning, a sliding window approach was
applied uniformly across all four sensor configurations
(Ram et al. 2023; Kai & Okita 2025). This consistency
in feature extraction was critical to ensure a compara-
ble feature space for the subsequent transfer learning
experiments (Kai & Okita 2025).

2.2.1. Windowing

A fixed window size of 2 seconds with a 1-second stride
(50% overlap) was used to segment the continuous ac-
celerometer data. For the 100 Hz sampling rate, this
corresponded to a window of 200 samples. For the 25 Hz
sampling rate, the window comprised 50 samples. This
windowing strategy allowed for the extraction of local-
ized motion patterns relevant to step detection (Odhi-
ambo et al. 2022).

2.2.2. Feature Extraction

For each 2-second window, a comprehensive set of
time-domain and frequency-domain features was ex-
tracted (Sharma et al. 2011; Chen et al. 2022). These
features were calculated independently for each of the
three accelerometer axes (X, Y, Z) and the derived Sig-
nal Vector Magnitude (SVM) (Dissanayakea et al. 2024):

¢ Time-Domain Features: Mean, standard devi-
ation, variance, minimum value, maximum value,
median, 25th percentile, 75th percentile, and in-
terquartile range (IQR). These features capture
the amplitude, variability, and distribution of the
accelerometer signal within each window.

¢ Frequency-Domain Features: A Fast Fourier
Transform (FFT) was applied to the windowed
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signal to transform it into the frequency domain.
From the FFT output, the spectral energy (sum
of squared magnitudes of the frequency compo-
nents) and the dominant frequency component
(frequency with the highest magnitude) were ex-
tracted. These features are crucial for identify-
ing the rhythmic patterns characteristic of human
gait.

This process resulted in a high-dimensional feature vec-
tor for each 2-second window (Li et al. 2023,7; Sandberg
et al. 2023). The target label for each window was the
total number of steps that occurred within its corre-
sponding time interval, derived from the ground truth
annotations. This framed the problem as a regression
task, where the model learns to predict the number of
steps in a window based on its extracted features. The
entire feature extraction process was parallelized across
all 128 available CPUs to expedite computation for all
participants and configurations.

2.3. Model Architecture and Training Protocol

This study employed a state-of-the-art gradient boost-
ing framework, Light GBM, as the core machine learning
model. Light GBM was selected for its proven high per-
formance on tabular data, computational efficiency, and
ability to handle large datasets, making it suitable for
processing the extensive feature sets generated.

2.3.1. Source Model Training

The primary ”source” model was trained exclusively
on the Hip 100Hz configuration data (Vianello et al.
2025). This configuration was chosen as the source
domain because it represents an optimal scenario for
step counting, characterized by high-fidelity signals and
minimal confounding movements, thereby allowing the
model to learn fundamental gait patterns. The training
protocol for the source model followed a rigorous Leave-
One-Subject-Out Cross-Validation (LOSO-CV) scheme.
In this protocol, the data from 38 participants were used
for training the Light GBM regression model, while the
data from the remaining single participant were held out
for validation. This process was iteratively repeated 39
times, with each participant serving as the validation set
exactly once. LOSO-CV provides a robust estimate of
the model’s ability to generalize to entirely new, unseen
individuals, which is paramount for real-world applica-
bility. This cross-validation process was also parallelized
across multiple CPUs, with each fold executed concur-
rently.

Upon completion of the LOSO-CV, a final Light GBM
model was trained on the entire Hip 100Hz feature set
(data from all 39 participants) (Vianello et al. 2025;
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Olugbon et al. 2025). This comprehensively trained
model served as the "source model” for all subsequent
cross-configuration transfer experiments.

2.4. Cross-Configuration Transfer Protocol

The central objective of this study was to assess the
"zero-shot” transferability of the source model. This in-
volved directly applying the Light GBM model trained
on Hip 100Hz data to the feature sets of the other
three "target” configurations without any re-training,
fine-tuning, or adaptation. This approach directly tests
the generalizability of the motion patterns learned by
the source model across vastly different sensor setups,
addressing the core challenge outlined in the introduc-
tion (Pham et al. 2023; Talks & Kreshuk 2025).

2.4.1. Prediction Generation

The final source model, trained on the Hip 100Hz
data, was loaded and then used to generate window-
level step count predictions for each of the three target
configurations: Hip 25Hz, Wrist 100Hz, and Wrist 25Hz
(Koffman et al. 2024; Henricson & Ramli 2025). For
each participant within each target configuration, the
pre-processed feature vectors were fed into the source
model to obtain predicted step counts for every 2-second
window (Koffman et al. 2024; Henricson & Ramli 2025).

2.4.2. Total Step Reconstruction

After obtaining window-level predictions, the pre-
dicted step counts for all windows within a participant’s
recording were summed to yield a single total predicted
step count for the entire observation period (Koffman
et al. 2024; Henricson & Ramli 2025). This reconstruc-
tion was performed for all four configurations (includ-
ing the Hip 100Hz baseline, using predictions from its
respective LOSO-CV folds), allowing for a direct com-
parison with the ground truth total step counts for each
participant.

2.5. Performance Fvaluation Metrics

The performance of the step counting model was quan-
titatively assessed using standard regression metrics,
calculated at the participant level and then aggregated
across the entire cohort for each configuration (Khan
et al. 2025; Marchal et al. 2025).

2.5.1. Error Calculation

For each participant and each configuration, the fol-
lowing error metrics were computed based on the total
predicted steps and ground truth steps (Fang & Men-
galdo 2025).

o Absolute Error (AE): Defined as
| PredictedSteps — TrueSteps|. This metric quan-
tifies the absolute difference between the predicted
and true total step counts for an individual.

o Absolute Percentage Error (APE): Calcu-
lated as (AE/TrueSteps) x 100. This metric pro-
vides a relative measure of error, useful for under-
standing the magnitude of error in proportion to
the actual step count.

2.5.2. Aggregated Metrics

To provide an overall assessment of model perfor-
mance for each configuration, the individual participant-
level errors were aggregated (Li et al. 2025; Bourdais &
Owhadi 2025; Longjohn et al. 2025):

e Mean Absolute Error (MAE): The average
of the Absolute Errors across all 39 participants
for a given configuration. MAE provides a direct
measure of the average magnitude of error in step
counts.

o Mean Absolute Percentage Error (MAPE):
The average of the Absolute Percentage Errors
across all 39 participants. MAPE offers a robust
average percentage error, particularly useful when
step counts vary widely.

e Standard Deviation of the Absolute Error:
This statistic was computed to quantify the inter-
individual variability in model performance. A
lower standard deviation indicates more consistent
performance across different participants.

2.6. Statistical Analysis

To ascertain the statistical significance of observed
performance differences (Sekkat et al. 2024; Ghosh et al.
2025) and the influence of demographic factors (Alipour
et al. 2024; Jones et al. 2025,7), a suite of non-parametric
statistical tests was employed.

2.6.1. Significance of Performance Degradation

To formally test whether the performance degradation
observed during cross-configuration transfer was statis-
tically significant, the distribution of Absolute Errors
from each target configuration (Hip 25Hz, Wrist 100Hz,
Wrist 25Hz) was compared against the baseline Abso-
lute Errors obtained from the Hip 100Hz LOSO-CV. A
Wilcoxon signed-rank test was utilized for this compar-
ison.

This non-parametric paired test was chosen because
it is suitable for comparing two related samples (i.e.,



errors from the same participants under different con-
figurations) and does not assume a normal distribution
of errors. A p-value less than 0.05 was considered to
indicate a statistically significant degradation in perfor-
mance.

2.6.2. Influence of Demographic Factors

To investigate whether participant demographics (sex
and age range) significantly influenced the transfer
learning performance, subgroup analyses were con-
ducted on the Absolute Errors within each transfer con-
figuration (Ghosh et al. 2025; Amini 2025,7).

e Sex: A Mann-Whitney U test was performed to
compare the distributions of Absolute Errors be-
tween male and female participants. This non-
parametric independent samples test is appropri-
ate for comparing two independent groups without
assuming normality.

e Age Range: A Kruskal-Wallis H test was used
to compare the distributions of Absolute Errors
across the three age groups (18-29, 30-49, 50+).
This non-parametric test is an extension of the
Mann-Whitney U test for comparing more than
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of 387.54 steps and a Mean Absolute Percentage Error
(MAPE) of 12.88%. The standard deviation of the ab-
solute error (Std__AE) was 401.81 steps, quantifying the
variability in performance across different participants.
These metrics, summarized alongside transfer learning
results in Table 1, confirm that the Light GBM model,
when trained on high-quality hip-worn accelerometer
data, provides a reliable and accurate estimation of step
counts within its source configuration, consistent with
the objectives outlined in the introduction.

3.2. Cross-configuration transfer learning performance

The central objective of this study was to assess the
"zero-shot” transferability of the source model—trained
exclusively on Hip_100Hz data—to alternative, more
challenging sensor configurations. This involved directly
applying the trained model to data from Hip_ 25Hz,
Wrist_ 100Hz, and Wrist_ 25Hz configurations without
any re-training or adaptation. The overall perfor-
mance metrics for these configurations, alongside the
Hip_ 100Hz baseline, are presented in Table 1.

Table 1. Overall Performance Metrics by Sensor Configu-
ration

two independent groups, Configuration MAE (steps) MAPE (%) Std__AE (steps)

For both tests, a p-value less than 0.05 was considered Hip_100Hz 387.54 12.88% 401.81
statistically significant, indicating that demographic fac- Hip_ 25Hz 1093.61 34.14% 998.00
tors had a notable influence on transferability. Wrist_ 100Hz 1731.98 56.98% 1529.00

Wrist_ 25Hz 1978.11 66.91% 1718.98

3. RESULTS
3.1. Source model performance on Hip_ 100Hz data

The initial phase of our evaluation established a robust
baseline for step counting accuracy using the highest-
fidelity sensor configuration: a hip-worn accelerometer
sampled at 100 Hz (Hip_ 100Hz). A LightGBM regres-
sion model was trained and rigorously validated using
a Leave-One-Subject-Out Cross-Validation (LOSO-CV)
protocol. This approach, as detailed in the Methods sec-
tion, ensured that the model’s performance was evalu-
ated on data from entirely unseen individuals, providing
a strong measure of its generalization capabilities within
the optimal source domain.

The LOSO-CV procedure yielded an average Mean
Squared Error (MSE) of 0.243 and an average R-squared
(R?) value of 0.811 for windowed step count predictions.
An R? of 0.811 indicates that the model could explain
over 81% of the variance in step counts within individual
2-second windows for participants not included in the
training set. When these window-level predictions were
aggregated to total step counts for each participant, the
source model achieved a Mean Absolute Error (MAE)

As shown in Table 1, the results demonstrate a signif-
icant and systematic degradation in model performance
as the target configuration deviates from the source
(Hip__100Hz).

3.2.1. Impact of sampling frequency (Hip__25Hz)

Transferring the model from Hip_100Hz to
Hip_ 25Hz, where only the sampling frequency was
reduced while the sensor location remained constant,
resulted in a substantial performance drop. As de-
tailed in Table 1, the MAE escalated by 182% from
387.54 steps to 1093.61 steps, and the MAPE increased
to 34.14%. This indicates that a four-fold reduction
in sampling frequency, even at the same anatomical
location, significantly impairs the model’s ability to ac-
curately count steps. The reduced data density at 25Hz
likely obscured the fine-grained temporal features that
the model learned from the 100Hz signal, making step
identification considerably more challenging.

3.2.2. Impact of sensor location (Wrist_100Hz)



The most pronounced performance degradation oc-
curred when the sensor location was changed from the
hip to the wrist, even when maintaining the high sam-
pling frequency of 100Hz. For the Wrist_ 100Hz config-
uration, the MAE surged to 1731.98 steps, representing
a 347% increase from the Hip 100Hz baseline, and the
MAPE reached 56.98%, as summarized in Table 1. This
finding strongly underscores that sensor placement is a
more critical determinant of model transferability than
sampling frequency. As highlighted in the introduction
and confirmed by exploratory data analysis, wrist-worn
sensors capture substantial non-gait-related arm move-
ments that confound step detection. The source model,
trained on the relatively clean and gait-centric signals
from the hip, was evidently unable to effectively parse
these complex and noisy signals from the wrist.

3.2.3. Combined impact (Wrist_25Hz)

As anticipated, the worst performance was observed in
the Wrist_ 25Hz configuration, which combines the chal-
lenges of a different sensor location and a lower sampling
rate. Table 1 shows that the MAE peaked at 1978.11
steps, and the MAPE was 66.91%. This represents a
more than five-fold increase in error compared to the
Hip_ 100Hz baseline. This cumulative degradation high-
lights the severe limitations of zero-shot transfer when
both signal characteristics (due to location) and data
resolution (due to sampling frequency) are significantly
altered from the source domain.

The observed degradation in performance for all three
target configurations was statistically significant. A
Wilcoxon signed-rank test was employed to compare
the distribution of absolute errors for each participant
against their respective baseline Hip_100Hz error. As
detailed in Table 2, the increase in error was highly sig-
nificant in all cases (p < 0.001, Bonferroni-corrected for
multiple comparisons). This confirms that the observed
performance drops are not due to random chance but
represent a robust and systematic failure of direct model
transfer. The distribution of these errors, visually rein-
forcing this trend, is depicted in Figure 1, showing a pro-
gressive increase in both the median absolute error and
the inter-participant variability across configurations.

Table 2. Statistical Significance of Performance Degrada-
tion vs. Hip_ 100Hz Baseline

Absolute Step Count Error Distribution by Configuration
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Figure 1. Distribution of absolute step count errors for
each participant across four sensor configurations. The plot
demonstrates a progressive increase in both median error and
inter-participant variability as the sensor location changes
from hip to wrist and sampling frequency decreases from
100Hz to 25Hz, indicating significant performance degrada-
tion of the zero-shot transfer learning approach.

3.3. Inter-individual consistency

Beyond average accuracy, the consistency of the
model’s performance across different individuals is
paramount for real-world deployment. The standard
deviation of the absolute error (Std__AE), presented in
Table 1, serves as a key indicator of this consistency.
For the baseline Hip_100Hz model, the Std_AE was
401.81 steps, indicating a relatively consistent perfor-
mance across participants. However, upon transfer,
this consistency significantly deteriorated. The Std_ AE
more than doubled to 998.00 steps for the Hip_25Hz
configuration, and quadrupled to 1529.00 steps for
Wrist_ 100Hz and 1718.98 steps for Wrist_ 25Hz. This
escalating inconsistency reveals a critical limitation: as
the target data becomes more dissimilar from the source,
the model’s predictions become not only less accurate on
average but also significantly less reliable from one per-
son to the next. The substantial increase in variability
for the wrist configurations suggests that individual dif-
ferences in non-gait-related arm movements and their
interaction with the learned features heavily influence
the model’s transferred performance, leading to highly
disparate error rates among users.

3.4. Influence of participant demographics

Statistic p-value (raw) p-valuéd{cébreetbd)t ®ietficnthis study) was to investi-

Comparison

Hip_ 100Hz vs Hip_ 25Hz 3.0000 0.0000
Hip_ 100Hz vs Wrist_ 100Hz  5.0000 0.0000
Hip_ 100Hz vs Wrist_ 25Hz 3.0000 0.0000

gategybgther the observed pgepformance degradation and
varyjapidity were influenced hy,participant demographics,
specifigplly sex and age rapgp, Mean Absolute Errors

for each demographic subgroup across all four configu-
rations are visually represented in Figure 2. While minor



variations are discernible, the overall patterns of increas-
ing error across configurations appear consistent across
all demographic groups.

Mean Absolute Error by Sex Across Configurations Mean Absolute Error by Age Group Across Configurations.

el o

Figure 2. Mean Absolute Error (MAE) and standard devia-
tion are presented for each sensor configuration, stratified by
(a) sex and (b) age group. The figure shows that while MAE
increases significantly with changes in sensor location and
sampling frequency, this performance degradation is consis-
tent across all demographic subgroups.

Statistical analyses confirmed this observation. A
Mann-Whitney U test was performed to compare ab-
solute errors between male and female participants, and
a Kruskal-Wallis H test was used for comparisons across
the three age groups (18-29, 30-49, 50+) within each
configuration. After applying a False Discovery Rate
(FDR) correction for multiple comparisons, no statisti-
cally significant differences were found in absolute error
based on either sex or age range for any of the four con-
figurations (all corrected p-values > 0.05). The detailed
results are presented in Table 3 and Table 4.

Table 3. Statistical Comparison of Absolute Errors by Sex
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This constitutes a key finding: while the model’s accu-
racy is heavily dependent on the sensor configuration, its
performance degradation is equitable across the studied
demographic groups. The challenges posed by transfer-
ring from hip to wrist or reducing sampling frequency
affect males and females, and different age groups, to a
similar degree. This suggests that demographic factors
may not be the primary determinants of performance
loss in zero-shot transfer scenarios for step counting.

3.5. Analysis of error characteristics

A more in-depth analysis of the prediction data re-
vealed a consistent and systematic pattern of step under-
estimation in the transfer learning configurations. The
source model, trained on the relatively clean and distinct
gait signals from the hip-worn sensor, became overly
conservative when applied to the noisier and more com-
plex signals from the target configurations. For instance,
in the Wrist_ 25Hz configuration, the model predicted a
total of only 37,636 steps across all participants, in stark
contrast to the ground truth of 125,797 steps. This
represents a substantial underestimation of over 70%.
This systematic bias towards under-prediction is iden-
tified as a primary failure mode of the zero-shot trans-
fer approach. It suggests that the features the model
learned to recognize as indicative of a step from the hip-
worn sensor data were frequently either absent or heavily
masked by confounding movements (e.g., arm swings)
in the wrist-worn sensor data, or were simply indistin-
guishable due to the reduced sampling frequency. These
error characteristics, including the overall distributions,
are further illustrated in Figure 3. Consequently, the
model failed to detect a large proportion of true steps,
leading to the observed significant errors.

Config Test Statistic p-value (corrected) . .S
Hip_ 100Hz Sex (M vs F)  135.0000 0.5028
Hip_ 25Hz Sex (M vs F)  152.0000 0.7788
Wrist 100Hz Sex (M vs F)  185.0000 0.8994
Wrist_25Hz  Sex (M vs F)  169.0000 0.7964

Trsummary,—theresults demonstrate that while the
ot S its strong performance within
its source g%lﬁﬁguration (Hip_ 100Hz), direct zero-shot
transfer to'ifigurations with different sensor locations
or reducedFQﬁipling frequencies leads to significant and
statisticallFal¥nfirmed performance degradation. This

Table 4. Statistical Comparison of Absolute Errors by Age
Group

degradation is characterized by substantial increases in
mean absolute error, mean absolute percentage error,
and, crucially, a marked increase in inter-individual vari-
ability, making the predictions less reliable. The pri-
mary cause of this performance loss appears to be a
systematic underestimation of steps, particularly promi-

Bignificantt(werQ.@onfigurations. Interestingly, demo-

Config Test Statistic p-value (corrected)
Hip 100Hz Age Groups  6.6462 0.2883
Hip_ 25Hz Age Groups 0.5254 0.8788
Wrist_100Hz Age Groups 1.4923 0.7964
Wrist_ 25Hz  Age Groups 1.0308 0.7964

graphic fattlers such as sex and age range do not signifi-
cantly machidate this performance degradation, suggest-
ing that thgighallenges of cross-configuration transfer are
broadly applicable across user populations. These find-

ings underscore the inherent difficulties of directly ap-
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Figure 3. Absolute step count error distributions for dif-
ferent sensor configurations. The plot demonstrates a pro-
gressive increase in both median error and inter-participant
variability as the sensor location shifts from hip to wrist and
sampling frequency decreases from 100Hz to 25Hz, highlight-
ing the impact of these factors on zero-shot transfer learning
performance.

plying step counting models across vastly different sen-
sor configurations without adaptation, highlighting the
need for more sophisticated transfer learning strategies.

4. CONCLUSIONS

The accurate and reliable measurement of physical ac-
tivity through step counting is paramount for health
monitoring, yet its robustness is severely challenged by
the inherent diversity in wearable sensor configurations
and user populations. This study addressed these criti-
cal limitations by developing and rigorously evaluating a
cross-configuration transfer learning framework for step
counting, specifically assessing the zero-shot transfer-
ability of a machine learning model trained on optimal
hip-worn accelerometer data to more challenging sensor
placements and sampling frequencies.

Our methodology involved collecting tri-axial ac-
celerometer data from 39 participants across four dis-
tinct configurations: Hip 100Hz, Hip 25Hz, Wrist 100Hz,
and Wrist 25Hz, with ground truth step counts derived
from expert video annotations. A comprehensive set
of time-domain and frequency-domain features were ex-
tracted from 2-second sliding windows. A LightGBM
regression model was trained as the source model exclu-
sively on the high-fidelity Hip 100Hz data using a ro-
bust Leave-One-Subject-Out Cross-Validation protocol
to ensure generalization to unseen individuals within the
source domain. The core of our investigation involved
directly applying this source model to the feature sets
of the Hip 25Hz, Wrist 100Hz, and Wrist 25Hz config-
urations without any re-training or adaptation. Model

performance was quantified using Mean Absolute Error
(MAE) and Mean Absolute Percentage Error (MAPE),
with statistical significance of degradation assessed via
Wilcoxon signed-rank tests. The influence of demo-
graphic factors (sex and age) on transferability was also
investigated using Mann-Whitney U and Kruskal-Wallis
H tests.

The results unequivocally demonstrate the significant
challenges associated with zero-shot cross-configuration
transfer for step counting. While the source model ex-
hibited strong baseline performance on Hip 100Hz data
(MAE of 387.54 steps, MAPE of 12.88%), direct trans-
fer resulted in substantial and statistically significant
performance degradation across all target configurations
(all p-values < 0.001). The reduction in sampling fre-
quency from 100Hz to 25Hz on the hip led to a notable
increase in error (MAE 1093.61, MAPE 34.14%). How-
ever, the most severe degradation occurred when the
sensor location shifted from the hip to the wrist, even
at 100Hz (MAE 1731.98, MAPE 56.98%), underscor-
ing that sensor placement is a more critical determi-
nant of transferability than sampling frequency. The
combined effect of wrist placement and reduced sam-
pling frequency yielded the worst performance (MAE
1978.11, MAPE 66.91%), representing a more than five-
fold increase in error compared to the baseline. This
performance loss was consistently characterized by a
systematic underestimation of steps and a significant
increase in inter-individual variability, making predic-
tions less reliable across users. Interestingly, statistical
analyses revealed no significant differences in transfer
performance based on participant sex or age range, in-
dicating that the challenges posed by cross-configuration
transfer affect demographic subgroups equitably.

In conclusion, this study highlights the inherent limi-
tations of directly applying step counting models across
vastly different sensor configurations without adapta-
tion. The observed systematic underestimation of steps
in out-of-domain scenarios suggests that the motion pat-
terns learned from high-fidelity hip-worn data do not
readily generalize to the noisier, contextually differ-
ent signals from wrist-worn sensors or the information-
reduced signals from lower sampling rates. Furthermore,
the finding that demographic factors do not significantly
modulate this performance degradation implies that the
core challenges of cross-configuration transfer are signal-
driven rather than user-specific. These insights are
paramount for the future development of robust and
universally applicable step counting algorithms. Our
findings strongly advocate for the necessity of more so-
phisticated transfer learning strategies, such as domain
adaptation or multi-source learning, to bridge the per-



formance gap across diverse wearable sensor ecosystems.

Future research should focus on developing algorithms
that can effectively adapt to signal shifts caused by vary-
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ing sensor locations and sampling frequencies, rather
than relying on direct application of models trained on
a single optimal configuration.
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