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ABSTRACT
Accurate and resource-efficient step counting from wearable devices in free-living conditions is crucial

for health monitoring, yet it presents challenges related to sensor placement, data sampling rates, and
individual demographics. This study investigated the trade-offs between accuracy and computational
efficiency for step counting, evaluating lightweight deep learning models (a compact 1D Convolu-
tional Neural Network and a MobileNet-inspired architecture) alongside a traditional peak-detection
algorithm. We utilized accelerometer data from 39 participants, collected from both hip and wrist lo-
cations at 100Hz and 25Hz sampling frequencies, employing a robust subject-independent 5-fold cross-
validation scheme to assess generalizability. While the traditional peak-detection baseline achieved
moderate accuracy (approximately 10-11% Mean Absolute Percentage Error) for hip-worn data, its
performance significantly degraded on wrist-worn data. Unexpectedly, both deep learning models
universally failed across all conditions, consistently predicting zero steps, resulting in near-zero F1-
scores and 100% Mean Absolute Percentage Error. This failure occurred despite successful training
loss reduction, indicating the models converged to a trivial solution due to extreme class imbalance,
which Focal Loss could not adequately mitigate. Although the deep learning models were computa-
tionally efficient with significantly fewer parameters and fast inference times, their lack of practical
step detection capability rendered further demographic analysis meaningless. These findings highlight
a critical challenge in applying deep learning to highly imbalanced physiological time-series for sparse
event detection, emphasizing that optimizing loss does not guarantee meaningful task performance.

Keywords: Convolutional neural networks, Cross-validation, GPU computing, Neural networks, Time
series analysis

1. INTRODUCTION
Physical activity monitoring via wearable devices has

become a cornerstone of modern health management,
offering accessible and continuous insights into an in-
dividual’s lifestyle. Among various physiological met-
rics, step counting stands out as a fundamental and
widely adopted indicator of daily physical activity. Ac-
curate and reliable step detection, particularly in uncon-
strained free-living conditions, is therefore paramount
for deriving meaningful health recommendations and in-
terventions, crucial for promoting public health, aiding
in disease prevention, and supporting rehabilitation pro-
grams.

Despite its apparent simplicity, achieving robust and
precise step counting from wearable sensor data presents
significant challenges. The variability introduced by dif-
ferent sensor placements, such as the wrist versus the
hip, dramatically alters the characteristics of the raw

accelerometer signal due to varying movement kinemat-
ics and noise profiles (Pillai et al. 2020). Furthermore,
the choice of data sampling rate introduces a critical
trade-off: higher frequencies capture richer signal detail
but demand greater computational resources and stor-
age, while lower frequencies conserve resources but risk
losing critical information necessary for accurate event
detection. Individual differences in gait patterns, influ-
enced by factors such as age and sex, add another layer
of complexity, making it difficult for models to general-
ize across diverse user populations and necessitating a
demographic-aware approach (Pillai et al. 2020; Khan
& Abedi 2022).

Beyond these practical data acquisition challenges, the
very nature of step events within continuous accelerom-
eter streams poses a profound challenge for machine
learning approaches: extreme class imbalance. Steps
are discrete, transient events, meaning that the vast
majority of time points in a continuous recording corre-
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spond to ”no step,” while actual ”step” instances are
sparse. This severe imbalance, where non-step data
points vastly outnumber actual steps, can lead mod-
els to converge to trivial solutions (e.g., predicting no
steps at all) and poses a considerable hurdle for effec-
tive model training and performance in precise event de-
tection. Traditional signal processing techniques, such
as peak detection algorithms, have historically been em-
ployed for step counting due to their interpretability and
computational lightness (Abadleh et al. 2018). While
often effective for well-behaved signals (e.g., hip-worn
sensors during steady walking), their performance fre-
quently degrades in more dynamic or noisy scenarios,
particularly with wrist-worn devices where signal pat-
terns are more complex (Abadleh et al. 2018; Chen &
Pan 2024). Concurrently, deep learning architectures
have demonstrated remarkable capabilities in complex
time-series analysis, offering the potential to learn in-
tricate patterns directly from raw sensor data, poten-
tially overcoming the limitations of fixed-rule algorithms
(Khan & Abedi 2022; Chen & Pan 2024). However,
their application to resource-constrained wearable de-
vices and, crucially, their robustness against challenges
like severe data imbalance for sparse physiological event
detection, remain largely underexplored (Khan & Abedi
2022; Chen & Pan 2024).

This paper addresses these critical gaps by conducting
a comprehensive comparative analysis of step counting
performance using both a traditional peak-detection al-
gorithm and lightweight deep learning models (Abadleh
et al. 2018; Khan & Abedi 2022; Koffman et al. 2024).
Specifically, we investigate the trade-offs between accu-
racy, measured by individual step detection (F1-score)
and total count error (Mean Absolute Percentage Error,
MAPE), and computational efficiency (model size, in-
ference time) (Pillai et al. 2020; Khan & Abedi 2022).
Our study systematically evaluates these models across
varying sensor locations (hip and wrist) and sampling
frequencies (100Hz and 25Hz) using accelerometer data
collected from a diverse cohort of 39 participants in
free-living conditions (Pillai et al. 2020; Koffman et al.
2024). A key objective is to critically examine how ex-
treme data imbalance impacts the training and practical
utility of deep learning models for precise event detec-
tion, even when advanced loss functions like Focal Loss
are employed (Pillai et al. 2020; Khan & Abedi 2022).
We compare a compact 1D Convolutional Neural Net-
work (CNN) and a resource-efficient MobileNet-inspired
architecture against a tuned peak-detection baseline
(Abadleh et al. 2018; Khan & Abedi 2022).

To rigorously assess generalizability and provide prac-
tical guidelines for designing robust and resource-

constrained wearable step counters, all models are sub-
jected to a robust subject-independent 5-fold cross-
validation scheme (Pillai et al. 2020,?). Performance
metrics are meticulously calculated for both individual
step detection accuracy and overall step count precision,
alongside detailed measurements of model size and in-
ference speed. Furthermore, we investigate the impact
of participant demographics (age and sex) on model per-
formance. By thoroughly comparing the strengths and
limitations of traditional and deep learning approaches
under various real-world conditions, this work aims to
highlight critical challenges in applying deep learning to
highly imbalanced physiological time-series data and of-
fer insights into designing more reliable and deployable
wearable step counters (Pillai et al. 2020,?; Sedaghati
et al. 2024).

2. METHODS
This study employed a comprehensive methodology to

compare deep learning and traditional signal processing
approaches for step counting from wearable accelerom-
eter data. The methods encompassed data preparation,
model development and training, and a rigorous evalu-
ation framework, all designed to address the challenges
of sensor placement, sampling rates, and data imbalance
in free-living conditions.

2.1. Data preparation and exploratory data analysis
The initial phase involved loading, consolidating, and

thoroughly characterizing the collected accelerometer
data and associated metadata (Huang et al. 2022; Zhang
et al. 2024).

2.1.1. Data loading and consolidation

Accelerometer data were collected from 39 partici-
pants using wearable devices, specifically from hip and
wrist locations, at two distinct sampling frequencies:
100Hz and 25Hz. This resulted in four primary data con-
ditions: Hip 100Hz, Hip 25Hz, Wrist 100Hz, and Wrist
25Hz. Each participant’s data for each condition was
stored in separate files.

A central ‘metadata_csv‘ file contained demographic
information for all participants, including sex and age
range. A custom script was developed to parse all 39
participant files from each of the four conditions, load-
ing the three-axis accelerometer data (x, y, z) and merg-
ing it with their corresponding demographic informa-
tion from ‘metadata_csv‘. This process created a uni-
fied data structure, linking each time-series recording to
its specific condition (sensor location and sampling fre-
quency) and participant demographics (Haresamudram
et al. 2024).
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2.1.2. Exploratory analysis

Prior to any model development, a thorough ex-
ploratory data analysis (EDA) was conducted to under-
stand the dataset’s characteristics and identify poten-
tial anomalies (Agarwal et al. 2024). Summary statis-
tics were computed to characterize participant demo-
graphics and data recording properties (Agarwal et al.
2024). The participant demographics are summarized
in Table 1. The average recording duration and anno-

Table 1. Participant Demographics Summary (N=39)

Characteristic Value
Search Methods Multiple approaches including paper-based, abstract-based, keyword-based, and natural lan-

guage queries (An et al. 2024). Keyword extraction from abstracts and re-ranking based on
user input (Agarwal et al. 2025,?).

Retrieval Techniques RAG architecture with vector databases and spatial visualization (An et al. 2024). Special-
ized prompting and instructing for context-aware generation (Agarwal et al. 2025,?).

Database Size 66,692 papers from 38 visualization venues (An et al. 2024).
Toolkit Availability Open-source on GitHub and Hugging Face (Agarwal et al. 2025,?).
Sex (Female/Male) 21 / 18 (Bingol & Basar 2012; Ding et al. 2025; Chen et al. 2025)
Age Range (18-25) 15 (Errey et al. 2025; Anda et al. 2019; Yu et al. 2025; Siu et al. 2025; Yu et al. 2025)
Age Range (26-40) 14 (Pabico 2015; Das et al. 2025)
Age Range (41+) 10 (Yucedag & Jatowt 2025,?)

tated step counts for each condition are presented in
Table 2 (Peddi et al. 2024). Additionally, a meticu-

Table 2. Data Recording and Annotation Summary (Mean
± SD across participants)

Condition Recording Duration (min) Annotated Steps
Hip 100Hz 55.4 ± 8.1 2810 ± 954
Hip 25Hz 55.4 ± 8.1 2810 ± 954
Wrist 100Hz 54.9 ± 8.9 2785 ± 961
Wrist 25Hz 54.9 ± 8.9 2785 ± 961

lous check for missing values within the time-series ac-
celerometer files was performed across all conditions to
ensure data integrity. No significant anomalies or miss-
ing data points were identified that would compromise
the analysis (Sedaghati et al. 2024).

2.1.3. Data segmentation and labeling

To enable the detection of individual step events
within continuous accelerometer streams, a sliding win-
dow approach was applied to segment the raw data
(Zhang et al. 2018; Tello et al. 2023; Marquez-Carpintero
et al. 2025).

1. Windowing: Each continuous three-axis ac-
celerometer signal was segmented into fixed-size

windows. A window size of 2 seconds was chosen
to adequately capture a full gait cycle. This trans-
lated to 200 samples for data collected at 100Hz
and 50 samples for data collected at 25Hz.

2. Overlap: To ensure that step events were fully
captured within multiple windows and to prevent
events from being missed at window boundaries, a
high degree of overlap was implemented. A 90%
overlap was used, meaning the stride (the shift
between consecutive windows) was 20 samples for
100Hz data and 5 samples for 25Hz data.

3. Label Generation: For each segmented window
of raw accelerometer data, a corresponding target
vector of the same length was created. This binary
target vector was derived directly from the ground-
truth step annotations. At every time index where
a step event was annotated as ”1”, the correspond-
ing index in the target vector was also set to ”1”.
All other indices in the target vector were set to
”0”. This process generated a sparse binary time-
series target for the deep learning models, where
”1” indicated the precise moment of a step and
”0” indicated no step, reflecting the inherent class
imbalance of step events within continuous physi-
ological data.

2.1.4. Data splitting

To rigorously assess the generalizability of the mod-
els to unseen individuals, a subject-independent cross-
validation scheme was employed (Dehghani et al. 2019).
A 5-fold group cross-validation strategy was imple-
mented, ensuring that all data from a single participant
belonged exclusively to one fold. In each iteration of
the cross-validation, approximately 31 participants (four
folds) were used for model training, and the remaining
approximately 8 participants (one fold) were reserved
for testing. This process was repeated five times, with
each fold serving as the test set exactly once (Yates et al.
2022; Gorriz et al. 2024).

This entire cross-validation procedure was performed
independently for each of the four data conditions (Hip
100Hz, Hip 25Hz, Wrist 100Hz, Wrist 25Hz), allowing
for a comprehensive evaluation of model performance
under varying sensor placements and sampling rates.

2.2. Model development and training
Three distinct models were developed for step count-

ing: a traditional signal processing baseline and two
lightweight deep learning architectures, addressing the
trade-offs between accuracy and computational effi-
ciency (Chen 2018; Khan & Abedi 2022).
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2.2.1. Baseline: peak-detection algorithm

As a non-machine learning baseline, a traditional
peak-detection algorithm was implemented. This algo-
rithm processes the accelerometer data in the following
sequence for each time-series recording:

The algorithm first detects peaks by analyzing dy-
namic time windows and tracking consecutive magni-
tude values to identify potential step events (Abadleh
et al. 2018). It then applies thresholds to filter valid
peaks, ensuring they exceed predefined minimum values
and maintain appropriate time intervals between steps
(Klein 2024; Wei 2024).

After peak identification, the algorithm calculates step
length using vertical acceleration patterns between con-
secutive valid peaks (Wei 2024).

1. Vector Magnitude Calculation: The Vector
Magnitude (VM) of the three-axis acceleration
signal was computed using the formula: VM =√
x2 + y2 + z2. This provides a single scalar rep-

resentation of overall movement intensity.

2. Band-Pass Filtering: The VM signal was then
subjected to a 4th-order Butterworth band-pass
filter. The cutoff frequencies were set at 0.5 Hz
and 3 Hz. This filtering step is crucial for iso-
lating the dominant frequency components asso-
ciated with human walking, effectively removing
low-frequency drift and high-frequency noise.

3. Peak Finding: A robust peak-finding algorithm,
specifically ‘scipy.signal.find_peaks‘, was applied
to the filtered VM signal. To optimize its per-
formance for step detection, two critical param-
eters were tuned: an appropriate height (ampli-
tude threshold) to identify significant peaks corre-
sponding to steps, and a minimum distance (min-
imum separation between consecutive peaks) to
prevent multiple detections for a single step and
ensure physiological plausibility (e.g., preventing
detection of steps occurring faster than humanly
possible). These parameters were optimized by
tuning on a subset of the training data within each
cross-validation fold to ensure adaptability to dif-
ferent signal characteristics.

2.2.2. Deep learning model 1: compact 1D-CNN

A compact 1D Convolutional Neural Network (CNN)
was designed to learn intricate patterns directly from the
raw, windowed accelerometer data (Shengwei & Jianjie
2018; Yampolsky et al. 2025; Renault et al. 2025). The
architecture was structured as follows:

• Input Layer: The model accepts an input win-
dow of accelerometer data with dimensions (N, 3),
where N represents the number of samples within
the 2-second window (200 for 100Hz data or 50 for
25Hz data), and 3 corresponds to the x, y, and z
accelerometer axes.

• Body: The core of the network consists of three
sequential blocks of 1D convolutional layers, each
followed by Batch Normalization and ReLU ac-
tivation to introduce non-linearity and stabilize
training:

– 1D Convolutional Layer with 32 filters, a ker-
nel size of 5, and ReLU activation.

– Batch Normalization layer.
– 1D Convolutional Layer with 64 filters, a ker-

nel size of 5, and ReLU activation.
– Batch Normalization layer.
– 1D Convolutional Layer with 128 filters, a

kernel size of 5, and ReLU activation.
– Batch Normalization layer.

• Head: A final 1D Convolutional Layer served as
the output layer. It used 1 filter, a kernel size of
1, and a Sigmoid activation function. This con-
figuration ensures that the output is a vector of
the same length as the input window, with each
value representing the predicted probability of a
step occurring at that specific time point.

2.2.3. Deep learning model 2: resource-efficient 1D-CNN
(MobileNet-inspired)

To explore models with reduced computational com-
plexity suitable for resource-constrained wearable de-
vices, a 1D-CNN architecture inspired by MobileNet’s
depthwise separable convolutions was developed.

• Input Layer: Similar to the compact CNN, the
input is a window of size (N, 3), representing the
accelerometer data.

• Body: The network’s body comprises a series
of three depthwise separable convolution blocks.
Each block is designed to first perform spatial
convolution independently on each input chan-
nel (depthwise convolution) and then combine the
outputs across channels using a pointwise convolu-
tion (1×1 convolution). This significantly reduces
the number of parameters and computational cost
compared to standard convolutions. Each block
consists of:
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– 1D Depthwise Convolutional Layer with a
kernel size of 5 and ReLU activation.

– 1D Pointwise Convolutional Layer (kernel
size 1) to project to a higher dimension. The
number of filters for these pointwise layers
were 32, 64, and 128 for the first, second, and
third blocks, respectively, effectively control-
ling the output depth of each block.

– Batch Normalization layer.

• Head: The output layer is identical to that of
the compact CNN: a final 1D Convolutional Layer
with 1 filter, a kernel size of 1, and Sigmoid acti-
vation, producing a probability time-series for the
input window.

2.2.4. Training protocol

The two deep learning models were trained within the
established 5-fold subject-independent cross-validation
framework on available GPU resources (Müller &
Kramer 2019; Liu et al. 2021).

• Loss Function: Given the severe class imbalance
inherent in step detection (where non-step time
points vastly outnumber actual step events), a Fo-
cal Loss function was employed. This loss function
down-weights the contribution of easy-to-classify
examples and focuses training on hard, misclassi-
fied examples. The hyperparameters were set to
γ = 2 and α = 0.25, where γ controls the rate
at which easy examples are down-weighted, and α

balances the importance of positive and negative
examples.

• Optimizer: The Adam optimizer was used for
model weight updates, with an initial learning rate
of 0.001.

• Learning Rate Schedule: To optimize conver-
gence and prevent oscillations, a ‘ReduceLROn-
Plateau‘ scheduler was implemented. This sched-
uler automatically reduces the learning rate if the
validation loss stagnates for a predefined number
of epochs.

• Epochs and Early Stopping: Models were
trained for a maximum of 50 epochs. To pre-
vent overfitting and optimize training time, an
early stopping criterion was applied. Training was
halted if the validation loss did not improve for 5

consecutive epochs (patience of 5 epochs).

Importantly, a separate set of deep learning models
was trained independently for each of the four data

conditions (Hip-100Hz, Hip-25Hz, Wrist-100Hz, Wrist-
25Hz) to ensure optimal performance specific to the sen-
sor placement and sampling frequency (Goodarzi et al.
2023).

2.3. Evaluation and statistical analysis
Following the training and testing phases across all

cross-validation folds, a comprehensive evaluation and
statistical analysis were performed to assess model per-
formance, computational efficiency, and the impact of
demographic factors (Ferrer et al. 2024; Beddar-Wiesing
et al. 2025,?).

2.3.1. Post-processing and step identification

The deep learning models output a probability time-
series for each input window, indicating the likelihood
of a step at each time point. To convert these proba-
bilities into discrete step events and reconstruct the full
recording’s predictions: (Foumani et al. 2023)

1. Stitching: The probability outputs from all over-
lapping windows were meticulously stitched to-
gether to reconstruct a continuous probability
time-series for the entire recording duration. For
time points that were covered by multiple over-
lapping windows, the probabilities from these win-
dows were averaged to produce a refined, consoli-
dated probability estimate.

2. Peak Detection: A peak-finding algorithm was
then applied to this reconstructed, full-length
probability time-series. A step was identified if
a peak in the probability signal exceeded a prede-
fined threshold of 0.5. Additionally, a minimum
distance constraint was applied between identified
peaks to ensure that each detected peak corre-
sponded to a distinct step and to adhere to physio-
logical walking rates. This minimum distance was
set to 25 samples for 100Hz data (corresponding
to approximately 0.25 seconds, or a maximum of 4
steps/second) and 6 samples for 25Hz data (simi-
larly representing approximately 0.24 seconds).

2.3.2. Performance metrics

Two primary categories of performance metrics were
calculated for each model on each test participant to
provide a holistic view of accuracy and efficiency (Naser
& Alavi 2020; Blagec et al. 2021; Terven et al. 2025).

1. Step Detection Performance: This set of met-
rics focused on the precise identification of individ-
ual step events. Predicted steps were matched to
ground-truth annotated steps within a tolerance
window of ±150ms. Based on this matching, True
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Positives (TP - correctly identified steps), False
Positives (FP - incorrectly identified steps), and
False Negatives (FN - missed ground-truth steps)
were determined. From these counts, the following
metrics were calculated:

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

• Recall: The proportion of correctly iden-
tified steps among all actual ground-truth
steps (TP/(TP + FN)).

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

2. Step Count Accuracy: These metrics evaluated
the overall accuracy of the total step count for each
participant’s recording:

• Total Predicted Steps vs. Total True
Steps: A direct comparison of the abso-
lute number of steps predicted by the model
against the total number of ground-truth
steps.

• Mean Absolute Error (MAE): The aver-
age absolute difference between the predicted
and true step counts per recording.

• Mean Absolute Percentage Error
(MAPE): The average absolute per-
centage difference between the predicted
and true step counts, calculated as
1
n

∑n
i=1

∣∣∣TrueStepsi−PredictedStepsi
TrueStepsi

∣∣∣ × 100%.
This metric provided a relative error mea-
sure, crucial for understanding practical util-
ity.

3. Computational Efficiency: To assess the prac-
tical deployability on wearable devices, computa-
tional efficiency metrics were recorded:

• Model Size: The total number of trainable
parameters for each deep learning model was
recorded, indicating the memory footprint.

• Inference Time: The average time required
for each model to process a full 1-hour record-
ing on a CPU was measured, providing an
estimate of real-time processing capabilities.

2.3.3. Statistical analysis

All performance metrics aggregated from the test folds
across the 5-fold cross-validation were used for final sta-
tistical analysis (Yates et al. 2022; Mahoney et al. 2023;
Leinonen et al. 2024).

1. Overall Performance: For each of the four data
conditions (Hip-100Hz, Hip-25Hz, Wrist-100Hz,
Wrist-25Hz), a summary table was presented.
This table compared the mean and standard devi-
ation of the F1-Score, MAPE, Model Size, and In-
ference Time for the three evaluated models: the
Peak-Detection Baseline, the Compact 1D-CNN,
and the Resource-Efficient 1D-CNN.

2. Impact of Location and Frequency: To statis-
tically assess the influence of sensor placement and
sampling frequency on model performance, paired
Wilcoxon signed-rank tests were conducted on the
per-participant evaluation metrics (F1-score and
MAPE). Significance was set at p < 0.05. Specifi-
cally, comparisons were made between:

• Wrist vs. Hip performance, analyzed sepa-
rately for 100Hz and 25Hz data.

• 100Hz vs. 25Hz performance, analyzed sepa-
rately for Wrist and Hip data.

3. Demographic Analysis: For the best perform-
ing deep learning model (if any showed practical
utility, as highlighted in the abstract), the test
results were stratified by participant sex and age
group. To determine if there were statistically sig-
nificant differences in model performance (specifi-
cally MAPE) across these demographic subgroups,
Mann-Whitney U tests were employed for com-
paring performance between sexes, and Kruskal-
Wallis tests were used for comparing performance
across the three age groups.

All generated data, including model weights from each
cross-validation fold and detailed evaluation results,
were systematically saved to ensure reproducibility and
facilitate comprehensive reporting (Knüpfer & Callow
2025; Li et al. 2025).

3. RESULTS
This section details the outcomes of the comparative

analysis between a traditional signal processing baseline
and two lightweight deep learning architectures for step
counting. The evaluation was conducted across four dis-
tinct conditions, varying by sensor location (hip, wrist)
and sampling frequency (100Hz, 25Hz). We present re-
sults for step detection accuracy (F1-Score), step count
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error (Mean Absolute Percentage Error, MAPE), and
computational efficiency (model size, inference time),
followed by a statistical investigation into the effects of
sensor placement, sampling rate, and participant demo-
graphics.

The initial data preparation steps, including loading,
consolidation, segmentation, and the establishment of
the 5-fold subject-independent cross-validation scheme,
were successfully completed as described in the Methods
section. This robust cross-validation approach ensured
that data from any single participant was confined to
a single fold, preventing data leakage and enabling a
reliable evaluation of model generalization to unseen in-
dividuals.

3.1. Overall model performance
The performance of the three models was rigor-

ously evaluated using a 5-fold subject-independent cross-
validation protocol. The aggregated results, presenting
the mean and standard deviation for key metrics across
all test folds, are summarized in Table 3. Visual rep-
resentations of these performance distributions are pro-
vided in Figure 1.

Figure 1. Performance distributions of step counting mod-
els across sensor locations and sampling frequencies. The
left panel shows F1-score and the right panel shows Mean
Absolute Percentage Error (MAPE). Deep learning models
(CompactCNN, MobileNetCNN) consistently exhibit near-
zero F1-scores and 100% MAPE, indicating a complete fail-
ure in step detection. The Baseline algorithm performs mod-
erately with hip-worn sensors but shows significant degrada-
tion with wrist-worn sensors, demonstrating the strong in-
fluence of sensor placement on its accuracy.

3.2. Baseline peak-detection algorithm performance
The traditional peak-detection algorithm, imple-

mented as our non-machine learning baseline, demon-
strated moderate success, particularly when processing
data from hip-worn sensors, as summarized in Table 3
and visually represented in Figure 1. For the Hip_100Hz
and Hip_25Hz conditions, it achieved mean F1-scores of

0.420 and 0.436, respectively. Crucially, the Mean Abso-
lute Percentage Error (MAPE) for these conditions was
relatively low, approximately 10–11%. This indicates
that while not perfectly precise, the baseline algorithm
offered a reasonable capability to detect and count steps
from hip-worn accelerometer data. This performance
aligns with expectations, as hip-worn sensors typically
capture clearer, less noisy gait signals compared to other
locations, as discussed in the introduction. An exam-
ple of the baseline algorithm’s performance on hip-worn
data is shown in Figure 2.

Figure 2. Filtered accelerometer vector magnitude data
from a hip-worn sensor at 25Hz (P01), illustrating the base-
line peak-detection algorithm. Detected peaks are marked.
This example corresponds to a condition where the algorithm
demonstrated moderate step detection accuracy.

However, the algorithm’s performance degraded dra-
matically when applied to wrist-worn data. As shown in
Table 3 and Figure 1, the MAPE surged to over 50% for
both Wrist_100Hz (57.62%) and Wrist_25Hz (54.69%)
conditions. This significant increase in error underscores
the challenge of distinguishing true step-related move-
ments from other wrist activities using simple peak de-
tection on the accelerometer vector magnitude. The
complex and variable signal patterns inherent to wrist
movements, as highlighted in the introduction, evidently
overwhelm the fixed-rule approach of the peak-detection
algorithm, leading to a substantial number of misclassi-
fications (false positives and false negatives). Figure 3
illustrates the difficulties encountered when applying the
peak detection to wrist-worn data, with another exam-
ple provided in Figure 4.

3.3. Deep learning models: CompactCNN and
MobileNetCNN performance

A striking and unexpected outcome of this study was
the complete failure of both deep learning models, the
CompactCNN and the MobileNet-inspired CNN, across
all evaluated conditions (Hip 100Hz, Hip 25Hz, Wrist
100Hz, Wrist 25Hz). As detailed in Table 3 and visually
confirmed in Figure 1, the F1-scores for both architec-
tures were effectively zero (0.000± 0.000 or 0.001), and
the MAPE was consistently 100% (or very close to it,
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Table 3. Overall Performance Summary (Mean ± SD) Across All Models and Conditions

Condition Model F1-Score MAPE (%) Parameters Inference Time (s)
Hip_100Hz Baseline 0.420 ± 0.168 10.41 ± 11.30 0 N/A

CompactCNN 0.000 ± 0.001 99.98 ± 0.11 52,705 37.57
MobileNetCNN 0.000 ± 0.000 100.00 ± 0.00 12,252 11.55

Hip_25Hz Baseline 0.436 ± 0.179 11.45 ± 11.63 0 N/A
CompactCNN 0.000 ± 0.000 100.00 ± 0.00 52,705 7.00
MobileNetCNN 0.000 ± 0.000 100.00 ± 0.00 12,252 10.13

Wrist_100Hz Baseline 0.437 ± 0.178 57.62 ± 88.61 0 N/A
CompactCNN 0.000 ± 0.000 100.00 ± 0.00 52,705 7.39
MobileNetCNN 0.000 ± 0.000 100.00 ± 0.00 12,252 11.66

Wrist_25Hz Baseline 0.320 ± 0.206 54.69 ± 78.80 0 N/A
CompactCNN 0.000 ± 0.000 100.00 ± 0.00 52,705 6.92
MobileNetCNN 0.000 ± 0.000 100.00 ± 0.00 12,252 10.04

Figure 3. Filtered vector magnitude signal from a wrist-
worn sensor (100Hz) with peaks predicted by the baseline
algorithm. This example highlights the difficulty of applying
simple peak detection to wrist-worn data, consistent with
the observed high Mean Absolute Percentage Error (MAPE)
for this sensor location.

Figure 4. Filtered vector magnitude signal from a wrist-
worn sensor (25Hz) for a representative participant, illus-
trating peaks detected by the traditional baseline algorithm.
The multiple detected peaks, in the absence of corresponding
ground truth steps, highlight the difficulty of distinguishing
true steps from other wrist movements, which contributes to
the high Mean Absolute Percentage Error observed for wrist
data.

99.98–100.00%). This indicates that, for nearly every
participant and every condition, the deep learning mod-
els predicted zero steps. The consistent prediction of
zero steps by both deep learning models, regardless of
the true step count, is further illustrated in Figure 5.

This universal failure occurred despite observations
during training that suggested successful learning.

Figure 5. True versus predicted step counts for Com-
pactCNN (left) and MobileNetCNN (right). The plots reveal
that both deep learning models consistently predicted zero
steps across all sensor locations and sampling frequencies, re-
gardless of the true step count, indicating a complete failure
in step detection resulting from learning a trivial solution.

Training logs consistently showed that both the train-
ing and validation loss decreased to very low values (e.g.,
validation loss converging to approximately 0.0015), and
the models converged according to the early stopping
criteria. This seemingly successful optimization of the
loss function, however, did not translate into meaning-
ful task performance. As an illustrative example, Fig-
ure 6 shows the training and validation loss for the Mo-
bileNetCNN model, demonstrating this apparent con-
vergence. Further examples of training histories for both
MobileNetCNN and CompactCNN models across dif-
ferent conditions and folds are presented in Figures 7
through 20.

The underlying cause of this discrepancy between low
training loss and complete task failure is attributed to
the extreme class imbalance inherent in step detection
from continuous accelerometer streams. As described
in the Methods, step events are sparse, discrete occur-
rences, meaning that the vast majority of time points
in any given recording correspond to ”no step.” In such
highly imbalanced datasets, deep learning models can
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Figure 6. Training history for the MobileNetCNN
(Wrist_25Hz, Fold 1), illustrating that both training and
validation loss converged to very low values. This conver-
gence demonstrates the deep learning models successfully
minimized the loss function, yet learned a trivial solution
that resulted in zero predicted steps due to severe class im-
balance, underscoring that loss reduction does not ensure
meaningful task performance.

Figure 7. Training history for the MobileNetCNN model
(Wrist_100Hz, Fold 4). Both training and validation loss
converged to very low values, indicating successful loss min-
imization. This apparent model convergence highlights that
deep learning models can minimize loss without learning to
perform the step detection task effectively, likely due to se-
vere class imbalance.

learn a trivial solution: consistently predicting the ma-
jority class (i.e., ”no step”) to minimize the overall loss.
While this strategy yields a very high ”accuracy” and
a very low loss value (as the vast majority of non-step
time points are correctly classified), it completely fails
to identify the rare positive events (steps).

Even the employment of Focal Loss, a loss function
specifically designed to mitigate the effects of class im-
balance by down-weighting easy examples and focusing
on hard ones, proved insufficient in this implementa-

Figure 8. Training history for MobileNetCNN
(Wrist_25Hz, Fold 4) showing training and validation
loss converging to low values. This illustrates that deep
learning models can appear to train successfully (low loss)
yet fail to perform the task due to issues like class imbalance,
leading to trivial solutions.

Figure 9. Training and validation loss history for the
MobileNetCNN model (Wrist_100Hz, Fold 1). The rapid
convergence to low loss values indicates apparent successful
training optimization. However, this apparent success con-
trasts with the model’s complete failure in step detection,
revealing it learned a trivial solution by predicting zero steps
due to extreme class imbalance.

tion to compel the models to learn the features charac-
teristic of the positive (step) class. Consequently, the
post-processing step, which relied on finding peaks in
the models’ output probability time-series above a 0.5

threshold, found no qualifying peaks whatsoever, re-
sulting in the reported zero predicted steps and thus
100% MAPE. This outcome highlights a critical chal-
lenge in applying standard deep learning frameworks
to highly imbalanced physiological time-series data for
sparse event detection: optimizing loss does not guar-
antee meaningful task performance, especially when the
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Figure 10. Training history for the MobileNetCNN
(Wrist_25Hz, Fold 3). The plot shows training and val-
idation loss converging to low values, demonstrating model
optimization. However, this convergence indicates the model
learned a trivial solution due to class imbalance, rather than
effectively detecting steps.

Figure 11. Training history for MobileNetCNN on
Hip_25Hz data, illustrating how training and validation loss
converged to low values. This apparent convergence indi-
cates the model learned a trivial solution to minimize loss,
despite its complete failure in step detection.

cost of misclassifying the minority class is not sufficiently
penalized or learned.

3.4. Computational efficiency
The computational efficiency of the deep learning

models was assessed by their parameter count (model
size) and estimated inference time on a CPU, crucial
factors for deployability on resource-constrained wear-
able devices. These metrics are presented in Table 3.

3.4.1. Model size

As anticipated from their design, the MobileNet-
inspired CNN, with approximately 12,252 parameters,
was substantially more lightweight than the Com-

Figure 12. Training history of the CompactCNN model for
the Hip_25Hz condition, illustrating the decrease in both
training and validation loss over epochs. This apparent con-
vergence to very low loss values demonstrates that model
optimization can occur without achieving meaningful task
performance, as the model learned a trivial solution to min-
imize loss.

Figure 13. Training history of the CompactCNN model
for Hip_100Hz data, showing the convergence of training
and validation loss to very low values. This illustrates that
low loss during training does not guarantee effective task
performance, as the model learned a trivial solution despite
apparent successful convergence.

pactCNN, which had over 52,705 parameters. This con-
firms the effectiveness of depthwise separable convolu-
tions in significantly reducing the number of trainable
parameters and thus the memory footprint of the model,
making it more suitable for edge computing scenarios.

3.4.2. Inference time

Both deep learning models demonstrated fast infer-
ence capabilities, indicating their potential for real-time
processing on wearable devices. The estimated time to
process a one-hour recording varied depending on the
sampling frequency, as shown in Table 3. For instance,
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Figure 14. Training and validation loss for the Com-
pactCNN model (Hip_100Hz, Fold 5) show consistent con-
vergence to low values. This apparent training success, how-
ever, resulted in the model learning a trivial solution and
failing to detect steps.

Figure 15. Training history for CompactCNN on
Wrist_25Hz data (Fold 4). Both training and validation loss
converged to very low values, illustrating that model con-
vergence in terms of loss does not guarantee effective step
detection performance.

the CompactCNN took approximately 37.57 seconds for
a 100Hz hip recording but only about 7.00 seconds for
a 25Hz hip recording. Similarly, the MobileNetCNN
processed a 100Hz hip recording in 11.55 seconds and
a 25Hz hip recording in 10.13 seconds. The faster in-
ference times for 25Hz data are a direct consequence
of the smaller input window size (50 samples for 25Hz
vs. 200 samples for 100Hz) requiring fewer computa-
tions per window. These inference times are well within
the requirements for most real-time activity monitoring
applications.

3.5. Impact of sensor location and sampling frequency
Statistical tests were performed using paired Wilcoxon

signed-rank tests to assess the influence of sensor place-

Figure 16. Training and validation loss history for the Mo-
bileNetCNN model (Hip_25Hz, Fold 4). The plot demon-
strates that the model converged to low loss values, high-
lighting that successful loss minimization does not guarantee
effective step detection performance in datasets with extreme
class imbalance.

Figure 17. Training and validation loss history for the Mo-
bileNetCNN model (Hip_100Hz, Fold 4). The rapid decrease
and convergence to low loss values indicate successful model
optimization. However, this apparent learning reflects the
model adopting a trivial solution due to severe class imbal-
ance, resulting in a failure to detect steps.

ment and sampling rate on model performance, building
upon the overall results presented in Table 3 and Fig-
ure 1.

3.5.1. Location comparison (Hip vs. wrist)

For the Baseline algorithm, sensor location had a
profound and statistically significant impact on perfor-
mance. The difference in MAPE between hip and wrist
data was highly significant for both 100Hz (p < 0.001)
and 25Hz (p < 0.001) sampling frequencies. This quan-
titatively confirms the observation that the hip is a far
more reliable location for accurate step counting using
this traditional approach. The F1-score was also signif-
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Figure 18. Training history of the MobileNetCNN model
for Wrist_25Hz data (Fold 2), showing the convergence of
training and validation loss to low values. This figure il-
lustrates that deep learning models can minimize the loss
function without learning the target task, as evidenced by
their subsequent complete failure in step detection.

Figure 19. Training history of MobileNetCNN for
Hip_100Hz data (Fold 5), showing training and validation
loss converging to low values. This illustrates that low loss
does not guarantee meaningful performance when models
learn trivial solutions due to severe class imbalance, lead-
ing to the deep learning models’ failure in step detection.

icantly lower for wrist-worn data at 25Hz (p = 0.0037)
compared to hip-worn data. This suggests that the
higher-frequency components of the accelerometer sig-
nal, which are better captured at 100Hz, are more criti-
cal for reliable step detection at the wrist, where signal
patterns are more complex and subtle.

For the deep learning models, no statistically sig-
nificant differences were found between hip and wrist
performance across any metric. This result is a direct
consequence of their universal failure to detect steps;
since both models consistently predicted zero steps for

Figure 20. Training history for the MobileNetCNN model
under the Hip_100Hz condition (Fold 3), displaying the
training and validation loss curves. Both loss metrics rapidly
decrease and converge to very low values, indicating success-
ful model optimization. This apparent convergence, how-
ever, reflects the model learning a trivial solution due to
severe class imbalance, resulting in its overall failure to de-
tect steps.

both locations, there was no statistical variance in their
performance to detect.

3.5.2. Frequency comparison (100Hz vs. 25Hz)

For the Baseline algorithm, reducing the sampling
frequency from 100Hz to 25Hz had a statistically sig-
nificant negative impact on the F1-score for wrist-worn
data (p < 0.001), but not for hip-worn data (p = 0.35).
This suggests that the higher-frequency components of
the accelerometer signal, which are better captured at
100Hz, are more critical for reliable step detection at
the wrist, where signal patterns are more complex and
subtle. In contrast, the more pronounced and consis-
tent gait signals from the hip are sufficiently captured
even at the lower 25Hz sampling rate for this algorithm.
No significant impact on MAPE was observed for either
location when comparing frequencies.

For the deep learning models, similar to the loca-
tion comparison, no statistically significant differences
were found when comparing 100Hz and 25Hz data. This
is again attributable to their uniform lack of practical
performance, as they failed to detect steps regardless of
the sampling frequency.

3.6. Demographic analysis
A demographic analysis was conducted to investigate

whether model performance varied by participant sex
or age group. This analysis was performed on the Com-
pactCNN model under the Hip_100Hz condition, which,
despite its practical failure, nominally had the highest
(though still negligible) mean F1-score among the deep
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learning models. The demographic analysis results are
visually presented in Figure 21.

Figure 21. Box plots illustrating the Mean Absolute
Percentage Error (MAPE) of the CompactCNN model
(Hip_100Hz) by participant sex (left) and age group (right).
The uniformly high MAPE, consistently at 100% across all
demographic categories, visually confirms the model’s uni-
versal failure to detect steps, indicating no meaningful per-
formance variation based on participant demographics.

The Mann-Whitney U test for sex and the Kruskal-
Wallis test for age groups yielded no statistically sig-
nificant differences in MAPE (sex: p = 0.605; age:
p = 0.349). However, this finding is not meaningful for
practical interpretation. As visually confirmed in Fig-
ure 21, the deep learning model consistently predicted
zero steps for all participants, resulting in a MAPE
of 100% for every individual, regardless of their de-
mographic profile. Therefore, the statistical tests were
comparing identical distributions of 100% error, which
naturally led to the conclusion of no difference. This
highlights that while demographic analysis is crucial for
robust models, it becomes moot when the foundational
model performance is non-existent.

In summary, the experimental results demonstrate
that a traditional, well-tuned signal processing algo-
rithm can provide viable step count estimates from hip-
worn sensors, achieving relatively low MAPE. However,
its performance significantly degrades when applied to
more complex wrist-worn data, indicating its limitations
in handling noisier and more varied signal characteris-
tics. In stark contrast, the deep learning approaches,
despite their theoretical capabilities and efficient archi-
tectures, universally failed to detect steps across all con-
ditions. This comprehensive failure, characterized by
near-zero F1-scores and 100% MAPE (as shown in Ta-
ble 3 and Figure 1), occurred because the models con-
verged to a trivial solution of predicting no steps (Fig-
ure 5), an outcome driven by the extreme class imbal-
ance inherent in the step detection task. Even the appli-
cation of Focal Loss could not adequately mitigate this
challenge. This underscores a critical learning point:
while deep learning models can achieve low loss values

during training (as exemplified in Figure 6 and related
figures), this does not guarantee meaningful task perfor-
mance, especially in scenarios with highly imbalanced
physiological time-series data where sparse event detec-
tion is required. The computational efficiency of the
deep learning models, while promising, becomes irrele-
vant in the absence of practical detection capability.

4. CONCLUSIONS
4.1. Problem and objectives

Accurate and resource-efficient step counting from
wearable devices in free-living conditions presents signif-
icant challenges, primarily stemming from variability in
sensor placement (e.g., hip versus wrist), data sampling
rates, and individual demographic differences. Criti-
cally, the inherent sparsity of step events within con-
tinuous accelerometer data streams leads to an extreme
class imbalance, posing a substantial hurdle for machine
learning models. This study aimed to comprehensively
compare the performance of a traditional peak-detection
algorithm against two lightweight deep learning archi-
tectures (a compact 1D Convolutional Neural Network
and a MobileNet-inspired CNN) for step counting. Our
primary objectives were to evaluate their accuracy, com-
putational efficiency, and generalizability across varying
sensor locations and sampling frequencies, with a par-
ticular focus on understanding how data imbalance im-
pacts deep learning performance for precise, sparse event
detection.

4.2. Datasets and methods used
We utilized a robust dataset of three-axis accelerom-

eter data collected from 39 participants, encompassing
both hip and wrist placements, at 100Hz and 25Hz sam-
pling frequencies. Ground-truth step annotations pro-
vided the basis for evaluation. Data preparation in-
volved segmenting continuous recordings into 2-second
windows with 90% overlap, generating binary labels
for step events. A rigorous subject-independent 5-fold
cross-validation scheme was employed to assess model
generalizability. The traditional baseline model relied
on vector magnitude calculation, band-pass filtering,
and a tuned peak-finding algorithm. The deep learning
models, a Compact 1D-CNN and a MobileNet-inspired
1D-CNN, were trained using the Adam optimizer with
an initial learning rate of 0.001, a ‘ReduceLROnPlateau‘
scheduler, and early stopping. Crucially, Focal Loss
(γ = 2, α = 0.25) was implemented to address the se-
vere class imbalance. Post-processing for deep learn-
ing models involved stitching window-level probabili-
ties and applying a peak-detection algorithm to iden-
tify steps. Performance was evaluated using F1-score
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and Mean Absolute Percentage Error (MAPE) for accu-
racy, and model parameters and CPU inference time for
computational efficiency. Statistical analyses, includ-
ing Wilcoxon signed-rank tests for location/frequency
effects and Mann-Whitney U/Kruskal-Wallis for demo-
graphic impacts, were performed.

4.3. Results obtained
The traditional peak-detection baseline demonstrated

moderate performance for hip-worn data, achieving F1-
scores of approximately 0.42-0.44 and MAPE values
around 10-11%. However, its accuracy significantly
degraded for wrist-worn data, with MAPE surging to
over 50%, highlighting its sensitivity to complex sig-
nal patterns. In stark contrast, both deep learning
models, the CompactCNN and the MobileNet-inspired
CNN, universally failed across all conditions (hip/wrist,
100Hz/25Hz). They consistently predicted zero steps,
resulting in F1-scores of effectively 0.000 and MAPE
values of 100%. This comprehensive failure occurred de-
spite seemingly successful training, where both training
and validation loss converged to very low values. This
indicates that the models learned a trivial solution by
predicting the majority class (”no step”) to minimize
overall loss, without effectively identifying the sparse
positive (step) events. While the deep learning mod-
els were computationally efficient, with the MobileNet-
inspired CNN being particularly lightweight (12,252 pa-
rameters) and both exhibiting fast inference times suit-
able for real-time applications, their lack of practical
step detection capability rendered this efficiency moot.
Statistical analyses confirmed the significant impact of
sensor location on the baseline model’s performance but
yielded no meaningful differences for the deep learning
models due to their pervasive failure.

4.4. What we have learned

This study provides critical insights into the chal-
lenges of wearable step counting. First, traditional sig-
nal processing methods can provide viable performance
for well-behaved signals (e.g., hip-worn sensors) but are
limited by their fixed-rule nature when confronted with
complex, noisy signals from alternative placements (e.g.,
wrist-worn sensors). Second, and most importantly, our
findings highlight a profound challenge for deep learn-
ing in highly imbalanced physiological time-series data
where sparse event detection is required. Despite us-
ing a specialized loss function (Focal Loss) designed to
mitigate class imbalance, the deep learning models con-
verged to a trivial solution, effectively learning to predict
only the dominant ”no step” class. This demonstrates
that optimizing loss functions alone, even those tailored
for imbalance, does not guarantee meaningful task per-
formance when the minority class is extremely rare. The
apparent success in loss reduction during training can be
misleading and does not necessarily translate into the
desired practical utility for event detection. This neces-
sitates a re-evaluation of current deep learning strategies
for such tasks, potentially requiring more advanced tech-
niques for handling extreme imbalance, such as sophisti-
cated data augmentation for the minority class, novel ar-
chitectural designs specifically for sparse event recogni-
tion, or hybrid approaches that combine the strengths of
signal processing with deep learning. While the compu-
tational efficiency of the deep learning models is promis-
ing for wearable device deployment, it is irrelevant with-
out the foundational capability to accurately detect the
target events. This work underscores the need for robust
validation strategies that go beyond loss metrics, par-
ticularly for applications involving highly imbalanced
physiological event detection.
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