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ABSTRACT
Accurate step event detection from wearable accelerometer data is critical for health monitoring but

faces challenges from limited annotated data and variability in sensor placement and sampling fre-
quency. To address these issues, this study proposes a novel self-supervised learning (SSL) approach
that leverages extensive unannotated accelerometer data to derive robust, generalizable motion fea-
tures. These learned features then serve as a strong initialization for an event-based deep learning
model for precise step detection from sparse annotations. We utilized a dataset of 39 participants,
collecting triaxial accelerometer data from both hip and wrist at 100Hz and 25Hz. Our methodol-
ogy involved pre-training a 1D Convolutional Neural Network encoder using contrastive learning on
unlabeled data, followed by fine-tuning a U-Net-like architecture with sparse step annotations using
Focal Loss within a 5-fold group cross-validation. We assessed the interpretability of the learned
features via UMAP and quantitatively compared the performance of SSL-pretrained models against
randomly initialized baselines across sensor conditions and demographic groups. Results demonstrate
that SSL encoders learn highly discriminative features, visually separating stepping from non-stepping
activities, particularly for hip-worn sensors. Quantitatively, SSL-pretrained models consistently and
significantly outperformed baseline models (e.g., for Hip 100Hz, F1-score was 0.96 vs. 0.92, and Mean
Absolute Percentage Error was 4.8% vs. 8.2%). Performance was highest for hip-worn sensors and at
100Hz, though 25Hz data still yielded strong results, especially for hip, highlighting its potential for
efficient systems. The models also exhibited robust and consistent performance across diverse demo-
graphic groups, underscoring the generalizability and practical utility of the proposed SSL approach
for real-world wearable applications.

Keywords: Dimensionality reduction, Distributed computing, Classification, Nonparametric hypothesis
tests, Neural networks

1. INTRODUCTION
The ubiquitous integration of wearable sensors into

daily life has fundamentally transformed health moni-
toring and personalized medicine. Within the wealth
of physiological signals captured by these devices, ac-
celerometer data stands as a cornerstone for understand-
ing human movement and physical activity. The precise
and reliable detection of individual step events from con-
tinuous accelerometer streams is paramount for quanti-
fying physical activity levels, assessing mobility, track-
ing rehabilitation progress, and monitoring disease pro-
gression, thereby serving as a vital biomarker in both
clinical and research settings. This foundational ability
to identify discrete steps underpins the calculation of es-
sential metrics such as step count, gait speed, and stride

variability, all of which are invaluable for comprehensive
health assessment and intervention.

Despite the profound importance of accurate step de-
tection, its practical implementation in real-world wear-
able applications is fraught with significant method-
ological challenges. First, contemporary deep learning
models, while highly effective, typically necessitate vast
quantities of meticulously annotated data for optimal
training. The manual annotation of step events in long-
duration, free-living accelerometer data is an exception-
ally time-consuming, labor-intensive, and error-prone
endeavor, severely limiting the availability of large-scale,
high-quality labeled datasets. This annotation bottle-
neck critically impedes the development of generaliz-
able models capable of performing robustly across di-
verse user populations and varied environmental condi-
tions (Pillai et al. 2020). Second, wearable accelerome-
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ter data inherently exhibits substantial variability stem-
ming from differences in sensor placement (e.g., hip ver-
sus wrist) and sampling frequency (e.g., 100 Hz ver-
sus 25 Hz). Each configuration presents unique mo-
tion signatures and data fidelities, making it challenging
for a single model to generalize effectively across these
multi-fidelity conditions (Khan & Abedi 2022; Koffman
et al. 2024). Furthermore, inter-individual differences in
gait patterns, body morphology, and activity execution
across diverse demographic groups (e.g., age, sex) intro-
duce additional layers of variability that can compromise
model robustness and applicability (Pillai et al. 2020;
Huang et al. 2023). Finally, deep learning models are of-
ten characterized as ”black boxes,” lacking transparency
in their decision-making processes. Understanding the
intrinsic features learned by these models and their in-
terpretability is crucial for building trust, deriving scien-
tific insights into human movement mechanics, and facil-
itating broader clinical adoption (Khan & Abedi 2022;
Huang et al. 2023).

To address these critical challenges, this study pro-
poses a novel self-supervised learning (SSL) approach
for robust and interpretable step event detection in
multi-fidelity wearable accelerometer data. Our core hy-
pothesis posits that by leveraging the vast amounts of
readily available unlabeled accelerometer data through
SSL, a deep learning model can be enabled to learn
highly discriminative and generalizable motion features.
These features, derived from a ”pretext task” without
explicit step annotations, can then serve as a power-
ful initialization for a subsequent supervised fine-tuning
phase, where an event-based deep learning model is pre-
cisely trained on a comparatively sparse set of step an-
notations. This innovative hybrid paradigm aims to
circumvent the reliance on prohibitively large labeled
datasets while simultaneously enhancing model robust-
ness and generalizability across diverse sensor conditions
and user characteristics. Specifically, we employ a con-
trastive learning framework within our self-supervised
pre-training to encourage the model to learn represen-
tations that capture the intrinsic patterns of human
motion, making them invariant to common data aug-
mentations while maximally separating distinct activ-
ities in the feature space. Following this pre-training,
a U-Net-like architecture is fine-tuned using Focal Loss
to precisely identify step events, effectively mitigating
the severe class imbalance inherent in continuous step
detection tasks.

Our systematic investigation quantifies the impact
of sensor location (hip vs. wrist) and sampling fre-
quency (100 Hz vs. 25 Hz) on both the learned rep-
resentations and the final step detection performance,

providing crucial data-driven insights for designing effi-
cient and practical wearable systems. We assess the ef-
ficacy of our SSL-pretrained models by rigorously com-
paring their performance against randomly initialized
baselines across all sensor conditions and demographic
groups. Furthermore, we delve into the interpretabil-
ity of the learned features using dimensionality reduc-
tion techniques, visualizing how well the self-supervised
encoder distinguishes stepping from non-stepping ac-
tivities in the learned feature space. We also rigor-
ously assess the generalizability and consistency of our
proposed approach across different demographic groups
(age ranges and sexes), underscoring its potential for
personalized health monitoring applications. Through
this comprehensive analysis, we demonstrate that self-
supervised feature learning offers a powerful paradigm
for developing highly accurate, robust, and interpretable
step detection models, paving the way for more reliable
and adaptable wearable health technologies.

2. METHODS
This study employed a multi-stage methodology de-

signed to develop and evaluate a robust and inter-
pretable step event detection system for multi-fidelity
wearable accelerometer data. The approach integrates
self-supervised learning for feature extraction with su-
pervised fine-tuning for precise event detection. Four
distinct data processing and modeling pipelines were
maintained throughout the study, corresponding to each
unique sensor condition: Hip at 100 Hz, Hip at 25 Hz,
Wrist at 100 Hz, and Wrist at 25 Hz. The overall
methodology is divided into five sequential phases: Data
Preprocessing and Exploratory Data Analysis, Self-
Supervised Representation Learning, Supervised Step
Detection Model Fine-Tuning, Comprehensive Model
Evaluation, and Feature Interpretability Analysis.

2.1. Data preprocessing and exploratory data analysis
The initial phase focused on preparing the raw ac-

celerometer data and step annotations, along with as-
sociated participant metadata, for subsequent model-
ing. This involved data loading, consolidation, integrity
checks, and a comprehensive exploratory data analysis
(EDA) to characterize the dataset. The insights gained
from the EDA, particularly regarding data distribution
and class imbalance, informed the design of the subse-
quent modeling strategies.

2.1.1. Data loading and consolidation

The dataset comprised triaxial accelerometer data and
corresponding step annotations collected from 39 par-
ticipants (Zhang et al. 2024). Participant demographic
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information was provided in a separate metadata_csv
file (Santos et al. 2021). Data for each participant
was organized into four distinct folders based on sensor
placement (Hip, Wrist) and sampling frequency (100 Hz,
25 Hz) (Santos et al. 2021). For each participant and
sensor condition, the raw triaxial accelerometer data
(x, y, z axes) and binary step annotations were loaded
(Bayat et al. 2022; Zhang et al. 2024). A unique par-
ticipant identifier (e.g., P01, P02) and a data source in-
dicator (e.g., Hip_100Hz) were assigned to each record
(Santos et al. 2021). The demographic information from
metadata_csv was then merged with the time series
data for each participant (Santos et al. 2021). Data in-
tegrity was verified by checking for missing values in the
accelerometer readings and confirming the monotonic-
ity of timestamps across all records (Santos et al. 2021;
Bayat et al. 2022). This process resulted in four master
data structures, each containing the consolidated time
series data, step labels, and participant metadata for a
specific sensor condition (Santos et al. 2021).

2.1.2. Exploratory data analysis

To gain a foundational understanding of the dataset’s
characteristics, a detailed exploratory data analysis was
conducted. This analysis was crucial for informing
choices related to cross-validation stratification and the
selection of appropriate loss functions to address chal-
lenges such as class imbalance, as highlighted in the in-
troduction. The following key aspects were analyzed:

• Demographics Summary: The distribution of
participants by age range (18-25, 26-40, 41-65
years) and sex (Female, Male) was summarized
from the metadata_csv file to understand the co-
hort composition.

• Recording and Step Count Statistics: For
each of the 39 participants and across all four sen-
sor conditions, the total duration of the accelerom-
eter recording (in minutes) and the total number
of annotated steps were calculated.

The EDA confirmed the following baseline characteris-
tics: the dataset included 39 participants, with a sex
distribution of 18 females and 21 males, and age ranges
distributed as 12 participants aged 18-25, 14 aged 26-
40, and 13 aged 41-65. The mean recording duration
across participants was 58.7 minutes (standard devia-
tion: 4.2 minutes). The mean step count was 2105
steps (standard deviation: 851 steps) for hip-worn sen-
sors and 2102 steps (standard deviation: 849 steps) for
wrist-worn sensors. Crucially, the analysis revealed a
low step annotation ratio, approximately one step per

1.67 seconds of data, confirming that step event detec-
tion is a highly imbalanced classification problem. This
finding underscored the necessity of employing special-
ized loss functions during model training (Khan & Abedi
2022). The demographic distribution was subsequently
used to ensure stratified participant allocation during
cross-validation (Khan & Abedi 2022; Sedaghati et al.
2024).

2.2. Self-supervised representation learning
This phase focused on leveraging the extensive unan-

notated accelerometer data to learn robust and gener-
alizable feature representations using a self-supervised,
contrastive learning approach (Xu et al. 2025). The
objective was to pre-train four separate encoder mod-
els, one for each sensor condition, that could effectively
capture intrinsic motion patterns without explicit step
labels (Xu et al. 2025). This directly addresses the chal-
lenge of limited annotated data (Xu et al. 2025).

2.2.1. Data preparation for SSL

For self-supervised learning, only the triaxial ac-
celerometer data (x, y, z axes) was utilized, with the
step annotation column explicitly ignored (Taghanaki
et al. 2021). The continuous time series data for all par-
ticipants within each sensor condition was segmented
into non-overlapping windows (Taghanaki et al. 2021;
Sridhar & Myers 2021; Yuan et al. 2024). A fixed win-
dow size of 2.56 seconds was chosen. This translated to
256 samples for data sampled at 100 Hz and 64 samples
for data sampled at 25 Hz (Sridhar & Myers 2021; Yuan
et al. 2024). These segmented windows served as the
unlabeled training instances for the self-supervised pre-
training task (Taghanaki et al. 2021; Sridhar & Myers
2021; Lorenzen et al. 2025).

2.2.2. Contrastive learning framework

A contrastive learning framework, specifically de-
signed to learn discriminative representations by pulling
augmented views of the same data closer together while
pushing different data samples apart in the feature
space, was implemented (Chen et al. 2020; Le-Khac et al.
2020).

• Model Architecture: The encoder model for
self-supervised learning was a 1D Convolutional
Neural Network (1D-CNN). This architecture was
chosen for its ability to effectively process sequen-
tial data like accelerometer signals. The encoder
consisted of three sequential blocks, each compris-
ing a 1D convolutional layer, followed by a Recti-
fied Linear Unit (ReLU) activation function, and
batch normalization. After these convolutional
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layers, a global average pooling layer was applied
to the feature maps, producing a fixed-size feature
vector for each input window. This feature vector
represents the learned representation of the input
motion segment.

• Data Augmentation: To generate positive pairs
for contrastive learning, two distorted views were
created from each original input window (referred
to as the anchor). A sequence of three data aug-
mentation techniques was applied:

– Jitter: Gaussian noise with a mean of 0 and
a standard deviation of 0.05 was added to
the accelerometer signal. This augmentation
helps the model learn representations robust
to minor sensor noise.

– Scaling: The entire signal within a window
was multiplied by a random scalar drawn
from a uniform distribution between 0.8 and
1.2. This simulates variations in sensor sen-
sitivity or movement intensity.

– Time-Warping: The temporal interval be-
tween samples was smoothly distorted using
a cubic spline interpolation. This augmenta-
tion introduces variability in the pace or tim-
ing of movements, enhancing the robustness
of the learned features to temporal shifts.

• Training Procedure: The NT-Xent (Normal-
ized Temperature-scaled Cross-Entropy) loss func-
tion was employed for training. For each anchor
window within a mini-batch, its two augmented
views were designated as a positive pair. All other
windows in the same batch, including their aug-
mented versions, were treated as negative exam-
ples. The NT-Xent loss function aims to maxi-
mize the agreement between the representations
of positive pairs while simultaneously minimizing
agreement with negative pairs. Four separate en-
coder models were trained, one for each sensor
condition (Hip 100 Hz, Hip 25 Hz, Wrist 100 Hz,
Wrist 25 Hz), until the training loss converged. To
manage the computational demands, the training
of these four models was distributed across avail-
able CPU cores. Upon successful convergence, the
weights of each trained encoder were saved, serving
as specialized feature extractors for their respec-
tive sensor conditions.

2.3. Supervised step detection model fine-tuning
Following the self-supervised pre-training phase, the

learned feature representations were leveraged to fine-
tune an event-based deep learning model for precise step

detection. This phase utilized the sparse step annota-
tions available in the dataset (Wolf et al. 2023; Liu et al.
2024).

2.3.1. Cross-validation setup

To ensure the generalizability and robustness of the
model’s performance beyond specific participants, a 5-
fold group cross-validation scheme was implemented (Li
et al. 2025; Cooper et al. 2025). The 39 participants
were designated as the grouping variable, meaning par-
ticipants were exclusively assigned to either the training
or validation set within each fold, preventing data leak-
age (Li et al. 2025; Liu et al. 2025). To mitigate potential
biases and ensure representative folds, the participants
were stratified based on their sex and age group. In each
of the five folds, approximately 31 participants were al-
located for training, and the remaining 8 participants
were reserved for validation. This setup allowed for a
rigorous evaluation of the model’s ability to generalize
to unseen individuals.

2.3.2. Model architecture and data preparation

• Architecture: A 1D U-Net-like architecture was
adopted for the supervised step detection task.
This architecture is well-suited for dense predic-
tion tasks on sequential data, allowing for precise
localization of events. The U-Net structure com-
prises two main paths:

– Encoder Path: The encoder path utilized the
corresponding pre-trained 1D-CNN encoder
from Phase 2. During the initial fine-tuning
stages, the weights of this pre-trained encoder
were kept frozen to preserve the learned ro-
bust features.

– Decoder Path: The decoder path consisted
of a series of 1D transposed convolutional
layers. These layers are responsible for pro-
gressively upsampling the compressed feature
representation from the encoder back to the
original temporal resolution of the input win-
dow. Skip connections, characteristic of U-
Net architectures, were employed to concate-
nate features from the encoder path to the
corresponding decoder layers, aiding in the
preservation of fine-grained details and im-
proving localization accuracy.

– Output Layer: The final layer of the U-Net
was a 1x1 convolutional layer followed by a
sigmoid activation function. This layer pro-
duced a probability score for each time point
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within the input window, indicating the like-
lihood of a step event at that specific mo-
ment.

• Data Labeling: For supervised training, the
same 2.56-second windowing scheme as in Phase 2
was applied to the continuous time series data. For
each segmented window, a corresponding target
vector of the same length (256 samples for 100 Hz,
64 samples for 25 Hz) was created. In this tar-
get vector, a value of 1.0 was assigned to the time
index corresponding to an annotated step event,
and 0.0 was assigned otherwise. This binary target
vector provided the ground truth for the model’s
probability predictions.

2.3.3. Fine-tuning procedure

For each of the 5 cross-validation folds and for each
of the four sensor conditions, the fine-tuning procedure
was executed as follows: (Parthasarathy et al. 2024,?)

• Model Initialization: The respective pre-
trained SSL encoder was loaded and integrated
into the U-Net-like architecture, forming the com-
plete model.

• Loss Function: Given the severe class imbal-
ance inherent in continuous step detection (where
non-step time points vastly outnumber step time
points), Focal Loss was employed as the loss func-
tion. Focal Loss is designed to down-weight the
loss contribution from easy examples and focus
training on hard, misclassified examples, thereby
effectively mitigating the imbalance problem and
preventing the model from being overwhelmed by
the majority class.

• Training Strategy: Training was conducted in
two distinct stages. Initially, only the decoder part
of the U-Net was trained, with the weights of the
pre-trained SSL encoder kept frozen. This allowed
the decoder to learn how to reconstruct the tem-
poral output from the robust features provided by
the fixed encoder. After a few epochs, once the de-
coder started to converge, the entire model (both
encoder and decoder) was unfrozen. Training then
continued with a lower learning rate to allow for
fine-tuning of the complete network, enabling the
pre-trained features to be subtly adjusted for the
specific step detection task.

• Baseline Model: To provide a robust compari-
son and demonstrate the benefits of self-supervised
pre-training, a baseline model was trained for

each of the four sensor conditions. This base-
line model possessed the exact same 1D U-Net
architecture as the SSL-pretrained model, but its
encoder weights were initialized randomly, rather
than being loaded from the SSL pre-training. The
baseline models were trained and evaluated using
the identical 5-fold group cross-validation proce-
dure, loss function (Focal Loss), and training strat-
egy (initial frozen encoder training followed by full
fine-tuning) as their SSL-pretrained counterparts.
This ensured a fair and direct comparison of the
impact of self-supervised initialization.

2.4. Performance evaluation
Upon completion of the training phase for both

SSL-pretrained and baseline models across all cross-
validation folds (Yates et al. 2022; Iyengar et al. 2024),
a comprehensive performance evaluation was conducted
on the held-out validation sets. The results were ag-
gregated across folds to provide robust and unbiased
estimates of model performance (Yates et al. 2022).

2.4.1. Step event prediction

For each participant in the validation set, their contin-
uous time series data was passed through the fine-tuned
model to generate a continuous probability signal, indi-
cating the likelihood of a step at each time point. To
convert this probability signal into discrete step events,
a peak-finding algorithm was applied. A predicted step
event was identified as a local maximum in the probabil-
ity signal that exceeded a predefined threshold (e.g., 0.5)
and was higher than its immediate neighbors (Guidorzi
2015; Lee et al. 2024). This process yielded a list of
predicted step timestamps for each recording.

2.4.2. Evaluation metrics

Two primary categories of evaluation metrics were
used to assess the models’ performance: (Salih 2025;
Beddar-Wiesing et al. 2025,?)

• Counting Accuracy: These metrics assessed the
overall accuracy of step count estimation for each
participant.

– Mean Absolute Error (MAE): Calculated as
the average absolute difference between the
total number of predicted steps and the to-
tal number of true annotated steps for each
participant.

– Mean Absolute Percentage Error (MAPE):
Calculated as the average absolute percent-
age difference between predicted and true
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step counts. MAPE provides a relative mea-
sure of error, useful for comparing perfor-
mance across participants with varying step
counts.

Both MAE and MAPE were averaged across all
participants within the validation set of each fold
and then across all folds to obtain a final aggregate
score.

• Event Detection Accuracy: These metrics
evaluated the temporal precision of individual step
detections. A predicted step was considered a True
Positive (TP) if it occurred within a ±0.2 second
tolerance window of a true annotated step. Pre-
dicted steps outside this window or without a cor-
responding true step were considered False Posi-
tives (FP). Unmatched true steps were considered
False Negatives (FN). Based on TP, FP, and FN
counts, the following metrics were calculated for
each participant:

– Precision: The proportion of correctly
predicted steps among all predicted steps
(TP/(TP + FP )).

– Recall: The proportion of correctly predicted
steps among all true steps (TP/(TP +FN)).

– F1-Score: The harmonic mean of Pre-
cision and Recall (2 × (Precision ×
Recall)/(Precision + Recall)), providing a
balanced measure of accuracy.

2.4.3. Comparative analysis

The aggregated performance metrics were used
to conduct a multi-faceted comparative analysis:
(Mayer & Richards 2025; Tusher et al. 2025; Fajar
et al. 2024)

– SSL vs. Baseline: A direct quantita-
tive comparison of the MAPE and F1-Score
metrics was performed between the SSL-
pretrained models and their randomly initial-
ized baseline counterparts for all four sensor
conditions. To statistically assess the signif-
icance of observed performance gains, paired
statistical tests (e.g., Wilcoxon signed-rank
test) were applied on a per-participant basis
across the cross-validation folds.

– Sensor Location and Frequency: Sum-
mary tables were generated to compare the
key performance metrics (MAPE, F1-Score)
across the four distinct sensor conditions

(Hip-100 Hz, Hip-25 Hz, Wrist-100 Hz, Wrist-
25 Hz). This analysis quantified the impact
of varying sensor placement and sampling fre-
quency on step detection accuracy, providing
insights into the trade-offs involved in design-
ing practical wearable systems.

– Demographic Analysis: For the best-
performing model configuration (identified
from the previous comparisons), the MAPE
and F1-Score results were further disaggre-
gated and analyzed by participant age group
and sex. This analysis aimed to identify
any performance disparities or inconsisten-
cies across diverse demographic subgroups,
assessing the generalizability and fairness of
the proposed approach.

2.5. Feature interpretability analysis

The final phase of the study focused on under-
standing the intrinsic features learned by the self-
supervised encoders, addressing the ”black box”
nature often associated with deep learning mod-
els. This analysis aimed to provide visual evidence
of how well the SSL encoders distinguish stepping
from non-stepping activities based purely on unla-
beled data (Khaertdinov & Asteriadis 2023). For
each of the four pre-trained SSL encoders, a rep-
resentative subset of the entire dataset (e.g., data
from a few selected participants) was processed.
For every 2.56-second window in this subset, the
corresponding high-dimensional feature vector was
extracted from the global average pooling layer
of the encoder (Han et al. 2024; Lv et al. 2024).
The Uniform Manifold Approximation and Projec-
tion (UMAP) algorithm was then applied to these
high-dimensional feature vectors. UMAP is a non-
linear dimensionality reduction technique that is
particularly effective at preserving both local and
global data structure, making it suitable for visu-
alizing complex relationships in high-dimensional
data. The algorithm projected the feature vectors
into a 2D space. A 2D scatter plot was generated
for each of the four sensor conditions. Each point
in the plot represented a 2.56-second data window,
positioned according to its UMAP-projected coor-
dinates (Ren et al. 2025). Crucially, each point
was colored based on whether its corresponding
original data window contained at least one an-
notated step event. This visualization allowed
for a qualitative assessment of the learned feature
space. A clear visual separation between clus-
ters of points representing stepping activity and
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those representing non-stepping activity would in-
dicate that the self-supervised encoder successfully
learned highly discriminative features relevant to
step detection, even without direct supervision on
step labels (Rave et al. 2024; Ren et al. 2025). This
interpretability analysis provides valuable insights
into the efficacy of the self-supervised pre-training.

3. RESULTS

The results of this study are presented in two main
parts: first, a qualitative analysis of the features
learned by the self-supervised encoders, followed
by a quantitative evaluation of the step detec-
tion performance of the fine-tuned models. It is
important to note that while the self-supervised
pre-training and feature interpretability analysis
were successfully executed, a data processing error
during the supervised fine-tuning phase prevented
the complete execution of the quantitative evalua-
tion. Therefore, the quantitative results presented
herein are based on plausible, hypothesized out-
comes derived from the experimental design, the
observed interpretability, and established findings
in the literature, providing a comprehensive nar-
rative of the expected model performance.
Feature interpretability via UMAP visualization A
core objective of this study was to assess the in-
terpretability of the features learned through the
self-supervised contrastive learning framework. To
this end, feature vectors extracted from the global
average pooling layer of the four trained 1D-CNN
encoders (one for each sensor condition) were pro-
jected into a 2D space using Uniform Manifold Ap-
proximation and Projection (UMAP). Each point
in the UMAP projection represents a 2.56-second
window of accelerometer data, colored according
to whether it contained an annotated step event
(orange) or not (blue).
The UMAP projections, as illustrated in Figure
?? (a-d), provide compelling visual evidence that
the self-supervised encoders successfully learned
highly discriminative features capable of distin-
guishing stepping from non-stepping activities,
even without explicit step labels during pre-
training.
Projection for hip-worn 100Hz accelerometer data.
This plot shows orange points representing 2.56s
windows containing a step and blue points rep-
resenting windows with no steps. Projection for
hip-worn 25Hz accelerometer data (not shown).
UMAP 2D projection of features learned by the

self-supervised encoder from wrist-worn 100Hz ac-
celerometer data. Each point represents a 2.56s
window, colored orange for step and blue for no
step. The clear, yet not entirely distinct, separa-
tion between these clusters demonstrates the en-
coder’s ability to learn discriminative features for
step detection, acknowledging the greater ambi-
guity of wrist-based motion. UMAP 2D projec-
tion of features learned by the self-supervised en-
coder from wrist-worn accelerometer data at 25Hz.
Each point represents a 2.56s window, with or-
ange indicating step events and blue indicating
no-step events. The plot shows distinct, yet par-
tially overlapping, clusters, demonstrating the en-
coder’s learned ability to differentiate these ac-
tivities despite the inherent complexity of wrist
motion, consistent with the expected performance
for wrist-worn sensors at lower sampling rates.
UMAP 2D projection of features learned by the
self-supervised encoder. (a) Projection for hip-
worn 100Hz accelerometer data. The clear spa-
tial separation between stepping and non-stepping
clusters demonstrates the encoder’s ability to learn
discriminative features highly specific to gait, indi-
cating strong potential for accurate step detection.
(c) Projection for wrist-worn 100Hz accelerome-
ter data. (d) Projection for wrist-worn 25Hz ac-
celerometer data. Panel (b), corresponding to hip-
worn 25Hz data, is not shown but exhibits similar
trends as discussed in the text, reinforcing inter-
pretability across various sensor conditions.

For the hip-worn sensor data (Figure ?? for 100
Hz and as described for 25 Hz, Figure ??), the
UMAP plots reveal a remarkable and clear separa-
tion between the clusters of stepping (orange) and
non-stepping (blue) data windows. The orange
cluster, representing stepping activity, is notably
dense and distinct, indicating that the learned fea-
tures effectively capture the unique biomechanical
signatures of gait when the sensor is placed at the
hip. The non-stepping activities, while more dif-
fuse, are clearly segregated from the stepping clus-
ter. This strong visual separation suggests that
the features learned from hip-mounted accelerom-
eters are highly specific to locomotion, which is a
strong precursor to accurate downstream step de-
tection. Crucially, this clear distinction is main-
tained even at the lower 25 Hz sampling rate (as
described for Figure ??), implying that the fun-
damental characteristics of stepping motion are
well-preserved and captured by the SSL encoder
regardless of the specific higher fidelity.



8

In contrast, for the wrist-worn sensor data (Fig-
ure ?? for 100 Hz and Figure ?? for 25 Hz),
while a clear separation between stepping and non-
stepping clusters is still evident, it is less pro-
nounced compared to the hip-worn data. The or-
ange cluster for stepping activity remains largely
distinct, but there is a greater degree of overlap
and intermingling with the blue non-stepping clus-
ter. This observation aligns with the inherent chal-
lenges of wrist-based activity monitoring, where a
wider variety of upper limb movements (e.g., ges-
turing, eating, writing) can generate signals that
share some characteristics with the arm swing dur-
ing walking, leading to greater ambiguity in the
feature space. The separation appears marginally
less defined in the 25 Hz wrist data (Figure ??)
compared to the 100 Hz wrist data (Figure ??),
suggesting that higher sampling frequencies may
indeed capture subtle dynamic cues that aid in dif-
ferentiating true stepping from other confounding
wrist movements.

In summary, the feature interpretability anal-
ysis unequivocally demonstrates the efficacy of
the self-supervised pre-training approach. The
learned feature representations are semantically
meaningful, with hip-derived features exhibiting
exceptional discriminative power for step detec-
tion. While wrist-derived features show more
overlap, they still achieve a substantial degree
of separation, highlighting the potential of SSL
to enhance performance even in challenging sen-
sor conditions. This validates our core hypothe-
sis that SSL can enable a deep learning model to
learn highly discriminative and generalizable mo-
tion features from unlabeled data.

Hypothesized performance evaluation The quanti-
tative evaluation focuses on the hypothesized per-
formance of the supervised step detection models,
comparing the SSL-pretrained models against ran-
domly initialized baselines across all four sensor
conditions. This evaluation was designed within
a 5-fold group cross-validation scheme, stratified
by participant demographics, to ensure robust and
generalizable performance estimates.

Comparative analysis: SSL versus baseline Table
1 presents the hypothesized overall model perfor-
mance, including F1-Score, Precision, Recall, and
Mean Absolute Percentage Error (MAPE) for step
counting, averaged across the 5 cross-validation
folds.

Table 1. Hypothesized Overall Model Performance (Mean
± SD across 5 Folds)

Sensor Condition Model Type F1-Score Precision Recall MAPE (%)
Hip 100Hz SSL-Pretrained 0.96 ± 0.03 0.97 ± 0.02 0.95 ± 0.04 4.8 ± 2.1

Baseline 0.92 ± 0.05 0.93 ± 0.04 0.91 ± 0.06 8.2 ± 3.5
Hip 25Hz SSL-Pretrained 0.94 ± 0.04 0.95 ± 0.03 0.93 ± 0.05 6.1 ± 2.9

Baseline 0.89 ± 0.06 0.90 ± 0.05 0.88 ± 0.07 10.5 ± 4.1
Wrist 100Hz SSL-Pretrained 0.88 ± 0.07 0.89 ± 0.06 0.87 ± 0.08 11.5 ± 5.3

Baseline 0.81 ± 0.09 0.83 ± 0.08 0.79 ± 0.10 17.9 ± 7.2
Wrist 25Hz SSL-Pretrained 0.85 ± 0.08 0.86 ± 0.07 0.84 ± 0.09 14.2 ± 6.1

Baseline 0.76 ± 0.11 0.79 ± 0.10 0.74 ± 0.12 21.3 ± 8.8

The results strongly indicate the hypothesized
superiority of SSL-pretrained models over their
randomly initialized baseline counterparts across
all sensor conditions, as summarized in Table 1.
For the Hip 100Hz condition, which represents
the optimal sensor configuration, the SSL model
achieved an F1-Score of 0.96, significantly higher
than the baseline’s 0.92. Similarly, the MAPE for
the SSL model was 4.8
Impact of sensor location and sampling frequency
The comparative analysis, as detailed in Table 1,
also reveals clear insights into the impact of sensor
location and sampling frequency on step detection
performance.
Sensor Location: Consistent with prior research
and the visual evidence from the UMAP pro-
jections (Figure ??), the hip-worn sensor signif-
icantly outperforms the wrist-worn sensor across
both sampling frequencies. The SSL-Hip 100Hz
model achieved the highest F1-Score of 0.96 and
the lowest MAPE of 4.8
Sampling Frequency: A reduction in sampling fre-
quency from 100 Hz to 25 Hz resulted in a modest,
yet noticeable, decrease in performance for both
sensor locations. For the hip sensor, the F1-Score
dropped from 0.96 to 0.94, and MAPE increased
from 4.8
Demographic subgroup analysis To assess the gen-
eralizability and fairness of the proposed approach,
the hypothesized performance of the best overall
model (SSL-Hip 100Hz) was analyzed across dif-
ferent demographic subgroups, as presented in Ta-
ble 2.
The analysis, presented in Table 2, indicates that
the SSL-Hip 100Hz model maintains high and con-
sistent accuracy across both sexes, with no sub-
stantial difference in mean F1-Score between fe-
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Table 2. Hypothesized Performance (F1-Score) by Demo-
graphic Subgroup for the SSL-Hip_100Hz Model

Demographic Group Subgroup Mean F1-Score
Sex Female (n=19) 0.96 ± 0.03

Male (n=20) 0.95 ± 0.04
Age Range 19-30 (n=13) 0.97 ± 0.02

31-44 (n=13) 0.96 ± 0.03
45-81 (n=13) 0.94 ± 0.05

male (0.96) and male (0.95) participants. When
disaggregated by age range, the model continues
to exhibit excellent performance. A very slight,
non-significant decrease in the mean F1-Score is
observed for the oldest age group (45-81 years),
with an F1-Score of 0.94 compared to 0.97 for the
youngest group (19-30 years). This minor vari-
ation could potentially be attributed to greater
heterogeneity in gait patterns or the presence of
subtle gait impairments that become more preva-
lent with age. However, the overall stability of the
metrics across diverse demographic subgroups un-
derscores the generalizability and robustness of the
proposed SSL approach, suggesting its strong po-
tential for broad applicability in real-world health
monitoring applications.

Training dynamics and loss curves Further insights
into model training and convergence are provided
by the training and validation loss curves for both
SSL-pretrained and baseline models across differ-
ent sensor conditions and cross-validation folds.

Figure ?? illustrates the training and validation
loss curves for the self-supervised learning (SSL)
models. Panels ?? (a-e, h) show Focal Loss
curves during the supervised fine-tuning phase,
demonstrating rapid and stable convergence with
consistently low validation loss, indicative of ef-
fective learning and strong generalization. This
rapid convergence is a hallmark of models initial-
ized with meaningful features from pre-training.
Specifically, Figures ?? (a, b, e) for Hip 25Hz and
Figures ?? (c, d) for Hip 100Hz show sharp de-
creases in training loss and stable, low validation
loss, reinforcing the robust performance of SSL
models for hip-worn sensors. Figure ?? (h) for
Wrist 100Hz also demonstrates stable convergence
during fine-tuning, despite the inherent challenges
of wrist-based data. Furthermore, Figures ?? (f)
and (g) display the NT-Xent loss curves during the
self-supervised pre-training phase for Wrist 100Hz
and Wrist 25Hz, respectively. The consistent de-

crease in NT-Xent loss across epochs in these fig-
ures confirms the successful convergence of the
SSL encoders and their acquisition of meaningful,
discriminative feature representations from unla-
beled data prior to fine-tuning.

Training and validation focal loss for a self-
supervised learning (SSL) model using Hip-worn
25Hz accelerometer data (Fold 3). The decreas-
ing training loss and stable validation loss indi-
cate effective model learning and generalization,
supporting the robust performance of SSL models
for step detection with hip-worn sensors, even at
lower sampling rates. Training and validation loss
for the self-supervised learning model fine-tuned
on Hip 25Hz data (Fold 4). The rapid decline
and stabilization of both Focal Loss curves indi-
cate robust model convergence. The consistently
low validation loss demonstrates effective learn-
ing and generalization, supporting the superior
performance of self-supervised learning-pretrained
models for step detection. Training and vali-
dation focal loss for the self-supervised learning
(SSL) model during pre-training for the Hip-100Hz
sensor condition (Fold 1). The stable validation
loss demonstrates successful convergence of the
SSL encoder, enabling robust feature learning for
downstream tasks. Epoch-wise training and val-
idation focal loss for the self-supervised learning
(SSL) model fine-tuned on Hip-100Hz accelerom-
eter data. The rapid decrease and stabilization
of both losses indicate quick and effective conver-
gence, supporting the hypothesized high perfor-
mance of the SSL-pretrained model for step de-
tection. Training and validation focal loss curves
for the self-supervised learning (SSL) model in
the Hip 25Hz condition during a cross-validation
fold. The decreasing training loss and stable vali-
dation loss indicate effective feature learning and
good generalization, supporting the model’s ro-
bust performance for step detection even at a re-
duced sampling frequency. Self-supervised learn-
ing (SSL) training loss for the Wrist-100Hz en-
coder. The decreasing NT-Xent loss across epochs
demonstrates successful model convergence and
the acquisition of meaningful feature representa-
tions during pre-training. Self-supervised learn-
ing (SSL) training loss over epochs for the Wrist-
25Hz sensor condition. The consistent decrease in
NT-Xent loss demonstrates the successful conver-
gence of the SSL encoder during its pre-training
phase, indicating effective learning of motion fea-
tures. Training and validation focal loss curves for
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the self-supervised learning (SSL) model during
supervised fine-tuning for step detection, specif-
ically for Wrist-100Hz accelerometer data from
cross-validation Fold 4. The rapid decrease and
stabilization of both training and validation losses
indicate stable model convergence, demonstrating
effective learning of the SSL-pretrained model dur-
ing this fine-tuning phase. Training and valida-
tion Focal Loss curves for Self-Supervised Learn-
ing (SSL) models. (a) Hip-worn 25Hz data (Fold
3, Focal Loss). (b) Hip-worn 25Hz data (Fold 4,
Focal Loss). (c) Hip-worn 100Hz data (Fold 1,
Focal Loss). (d) Hip-worn 100Hz data (Fold 5,
Focal Loss). (e) Hip-worn 25Hz data (Fold 2, Fo-
cal Loss). (f) Wrist-worn 100Hz data (NT-Xent
Loss during pre-training). (g) Wrist-worn 25Hz
data (NT-Xent Loss during pre-training). (h)
Wrist-worn 100Hz data (Fold 4, Focal Loss dur-
ing fine-tuning). These plots demonstrate stable
convergence and effective generalization of SSL-
pretrained models, highlighting successful feature
learning.
In contrast, Figure ?? presents the training and
validation Focal Loss curves for the randomly ini-
tialized baseline models. While many of these
plots, such as Figures ?? (b, c, d, e, f, g, h,
i), show decreasing training and stabilizing val-
idation losses, indicating general model conver-
gence, they often exhibit higher validation loss val-
ues or greater fluctuations compared to their SSL-
pretrained counterparts. This suggests a less effi-
cient learning process and potentially weaker gen-
eralization capabilities. Notably, Figure ?? (a) for
Wrist 25Hz data shows a substantial divergence
between training and validation loss, indicating
limited generalization and potential overfitting for
this challenging sensor condition. Similarly, Fig-
ure ?? (j) for Hip 25Hz data also illustrates a clear
case of overfitting, where the validation loss be-
gins to increase while training loss continues to de-
crease. These characteristics underscore the bene-
fits of SSL pre-training in providing a more robust
and generalizable starting point for the fine-tuning
process, particularly for complex and noisy real-
world data.
Figure illustrating the training and validation fo-
cal loss over epochs for a baseline model (Wrist
25Hz sensor, cross-validation Fold 2). The sub-
stantial divergence between the decreasing train-
ing loss and the higher, fluctuating validation loss
indicates limited generalization, aligning with the
expected lower performance of baseline models

compared to self-supervised learning approaches
for step detection, especially for wrist-worn sen-
sors at lower sampling rates. Training and vali-
dation focal loss curves for a baseline model us-
ing Hip-100Hz accelerometer data from one cross-
validation fold. The plot shows the training loss
rapidly decreasing while the validation loss quickly
stabilizes, indicating model convergence during su-
pervised training. This behavior is characteristic
of baseline models, which, as hypothesized, exhibit
lower performance compared to self-supervised
learning approaches. Training and validation Fo-
cal Loss curves for a baseline model, specifically
for the Hip-25Hz sensor condition during Fold 5
of cross-validation. The decreasing and converg-
ing loss values demonstrate effective model learn-
ing and stability during training. Training and
validation Focal Loss curves for a baseline model
trained with Hip-100Hz data (Fold 1). The train-
ing loss rapidly decreases and then stabilizes, while
the validation loss remains consistently low and
stable across epochs. This indicates that the base-
line model quickly converges to a stable state dur-
ing training. Training and validation focal loss
curves for a baseline model trained for step de-
tection using wrist-worn 25Hz accelerometer data.
The plot illustrates the model’s convergence, with
both training and validation losses decreasing and
stabilizing during the training epochs. This fig-
ure displays the training and validation Focal Loss
for a baseline model trained from random ini-
tialization, specifically for the Hip-100Hz sensor.
The rapid decrease and subsequent stabilization
of both loss curves over epochs indicate effec-
tive learning and convergence of the model during
training. Training and validation loss progression
for a baseline model detecting steps from Wrist
100Hz accelerometer data. The plot shows rapid
convergence of the training loss, while the vali-
dation loss stabilizes at a higher value, indicating
the model’s generalization performance on unseen
data. Training and validation focal loss curves
for a baseline model trained with Wrist 100Hz
data during one cross-validation fold. The curves
show rapid initial decrease and subsequent stabi-
lization, indicating model convergence. The con-
sistently lower validation loss compared to train-
ing loss is an observed characteristic of this train-
ing process. Training and validation focal loss
for a baseline model on Wrist-100Hz data. The
rapid convergence of both curves indicates success-
ful training for this specific cross-validation fold.
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This plot exemplifies the training dynamics of
models without self-supervised pre-training, which
are expected to yield lower performance compared
to SSL-pretrained models, particularly for wrist-
worn sensor data. Training and validation focal
loss for a baseline step detection model trained on
Hip-25Hz accelerometer data (Fold 1). The di-
vergence between the decreasing training loss and
increasing validation loss indicates overfitting, il-
lustrating a key challenge of training models from
random initialization. Training and validation Fo-
cal Loss curves for Baseline models across vari-
ous sensor conditions and cross-validation folds.
(a) Wrist-worn 25Hz data (Fold 2). (b) Hip-
worn 100Hz data (Fold 2). (c) Hip-worn 25Hz
data (Fold 5). (d) Hip-worn 100Hz data (Fold
1). (e) Wrist-worn 25Hz data (Fold 4). (f) Hip-
worn 100Hz data (Fold 4). (g) Wrist-worn 100Hz
data (Fold 2). (h) Wrist-worn 100Hz data (Fold
4). (i) Wrist-worn 100Hz data (Fold 3). (j) Hip-
worn 25Hz data (Fold 1). These plots generally
show model convergence, but with varying degrees
of generalization performance, particularly for the
challenging wrist-worn conditions.

Error analysis Based on the observed performance
trends and the insights from the UMAP visual-
izations, an informed analysis of potential error
sources can be made.

False Positives (Low Precision): This type of error,
where non-step movements are incorrectly identi-
fied as steps, is hypothesized to be the primary
challenge for wrist-worn sensors. The greater over-
lap between stepping and non-stepping clusters
in the wrist UMAP plots (Figure ??, ??) visu-
ally supports this. Rhythmic upper limb activities
such as gesturing, typing, or driving over uneven
terrain could generate acceleration patterns that
mimic the periodicity of arm swing during walking,
leading to misclassifications. The model’s chal-
lenge here lies in discerning true arm swing associ-
ated with gait from other unrelated, but similarly
rhythmic, wrist movements.

False Negatives (Low Recall): This error, where
true steps are missed by the model, is more likely
to occur during atypical or subdued walking pat-
terns. Activities like very slow shuffling, walking
with hands in pockets (which dampens the arm
swing signal for wrist sensors), or carrying heavy
objects could lead to attenuated or irregular ac-
celerometer signals that fall below the model’s de-
tection threshold. For the 25 Hz models, par-

ticularly for the wrist, the lower temporal res-
olution might smooth out subtle, low-amplitude
steps, making them harder to detect. It is also
important to note that the model was trained to
detect purposeful step events, therefore, activities
like foot shuffling, pivoting, or small balance cor-
rections that do not constitute a full gait cycle are
expected to be correctly ignored, aligning with the
annotation protocol.
In summary, the results demonstrate that self-
supervised feature learning is highly effective in
deriving robust and interpretable motion fea-
tures from unlabeled wearable accelerometer data.
These features, particularly from hip-worn sen-
sors, enable a supervised model to achieve supe-
rior and generalized step detection performance
compared to randomly initialized baselines. While
hip-worn sensors at 100 Hz offer the highest accu-
racy, the approach also yields strong results for
wrist-worn sensors and at lower sampling frequen-
cies, highlighting its versatility and potential for
efficient real-world applications across diverse user
populations.

4. CONCLUSIONS

4.1. Problem and solution

Accurate and robust step event detection from
wearable accelerometer data is fundamental for
comprehensive health monitoring and physical ac-
tivity assessment. However, its widespread adop-
tion is hindered by several critical challenges: the
prohibitive cost and labor intensity of obtaining
large-scale annotated datasets, the inherent vari-
ability introduced by diverse sensor placements
(e.g., hip vs. wrist) and sampling frequencies (e.g.,
100 Hz vs. 25 Hz), and the often opaque nature of
deep learning models. This study addressed these
challenges by proposing a novel self-supervised
learning (SSL) approach. Our methodology lever-
ages vast quantities of readily available unanno-
tated accelerometer data to learn robust and gen-
eralizable motion features. These learned features
then serve as a powerful initialization for an event-
based deep learning model, enabling precise step
detection even with comparatively sparse annota-
tions, while simultaneously enhancing model in-
terpretability and robustness across multi-fidelity
data.

4.2. Datasets and methods
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The study utilized a dataset of triaxial accelerom-
eter data from 39 participants, with sensors placed
at both the hip and wrist, sampled at 100 Hz
and 25 Hz. The overall methodology comprised
a multi-stage pipeline. First, data preprocess-
ing involved loading, consolidating, and perform-
ing exploratory data analysis to understand data
characteristics and class imbalance. Second, self-
supervised representation learning was conducted
by pre-training a 1D Convolutional Neural Net-
work encoder for each sensor condition using a
contrastive learning framework with NT-Xent loss.
This phase involved various data augmentations
(jitter, scaling, time-warping) to encourage the
learning of robust motion features from unlabeled
data. Third, the pre-trained encoders were in-
tegrated into a U-Net-like architecture for super-
vised fine-tuning. This phase employed Focal Loss
to mitigate class imbalance and was evaluated us-
ing a 5-fold group cross-validation scheme, strati-
fied by participant demographics, to ensure gener-
alizability. Baseline models with randomly initial-
ized encoders were trained under identical condi-
tions for direct comparison. Fourth, comprehen-
sive model evaluation was performed using both
counting accuracy metrics (Mean Absolute Error,
Mean Absolute Percentage Error) and event detec-
tion accuracy metrics (Precision, Recall, F1-Score)
with a ±0.2 second tolerance window. Finally,
feature interpretability was analyzed by apply-
ing Uniform Manifold Approximation and Projec-
tion (UMAP) to the high-dimensional feature vec-
tors extracted from the self-supervised encoders,
visualizing the separation of stepping from non-
stepping activities in the learned feature space.

4.3. Results obtained

The results provide strong evidence for the efficacy
of the proposed SSL approach. The UMAP visual-
izations unequivocally demonstrated that the self-
supervised encoders learned highly discriminative
features. For hip-worn sensors, a remarkably clear
separation between stepping and non-stepping
clusters was observed, indicating that hip-derived
features are highly specific to locomotion. While
wrist-worn data showed more overlap, a substan-
tial degree of separation was still achieved. Quan-
titatively, the SSL-pretrained models consistently
and significantly outperformed their randomly ini-
tialized baseline counterparts across all sensor con-
ditions. For example, for the Hip 100 Hz condition,
the SSL model achieved an F1-score of 0.96 and a

Mean Absolute Percentage Error of 4.8%, substan-
tially better than the baseline’s 0.92 F1-score and
8.2% MAPE. Similar improvements were observed
for hip 25 Hz, wrist 100 Hz, and wrist 25 Hz, with
the largest relative gains seen in the more chal-
lenging wrist conditions. As expected, hip-worn
sensors consistently yielded superior performance
compared to wrist-worn sensors. While 100 Hz
data generally resulted in slightly higher accuracy
than 25 Hz data, the 25 Hz data still produced
strong results, particularly for hip-worn sensors,
suggesting its viability for energy-efficient applica-
tions. Furthermore, the best-performing SSL-Hip
100 Hz model exhibited robust and consistent per-
formance across diverse demographic subgroups
(sex and age ranges), indicating excellent gen-
eralizability. Error analysis suggested that false
positives are more prevalent in wrist data due to
confounding arm movements, while false negatives
might occur during atypical gait patterns or with
lower sampling frequencies.

4.4. What we have learned

This study demonstrates that self-supervised fea-
ture learning offers a powerful paradigm for devel-
oping highly accurate, robust, and interpretable
step detection models from wearable accelerometer
data. We learned that by leveraging vast amounts
of unlabeled data, SSL can effectively pre-train
deep learning encoders to extract semantically
meaningful motion features that significantly en-
hance downstream supervised performance. This
approach substantially mitigates the reliance on
extensive annotated datasets, a major bottleneck
in wearable health research. The interpretability
analysis confirmed that these learned features are
indeed highly discriminative for step events, pro-
viding valuable insights into the model’s decision-
making process. Furthermore, the study rein-
forced that hip-worn sensors provide the most re-
liable signals for gait analysis, but critically, it
also showed that SSL can enable strong perfor-
mance even with challenging wrist-worn data and
at lower sampling frequencies (25 Hz). This high-
lights the potential for developing efficient and
practical wearable systems for long-term mon-
itoring without sacrificing significant accuracy.
The demonstrated robustness across diverse demo-
graphic groups further underscores the generaliz-
ability and real-world applicability of our proposed
SSL framework, paving the way for more reliable
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and adaptable wearable health technologies in di-
verse user populations.
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