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ARTICLE INFO ABSTRACT

Keywords: This article presents an automated deep learning (AutoDL) framework for multivariate time-series sensor data
AutoML tailored to the needs of biomechanists. Four public activity recognition datasets featuring different Inertial
Class imbalance Measurement Unit sensor placements and class imbalance ratios were selected. Time- and frequency-domain
NAS

features were automatically extracted, class imbalance was addressed, and classification was performed using a
dual-stream convolutional neural network, with a customized genetic algorithm for optimization. Two hypotheses
were evaluated: (1) whether the ablation of frequency- or time-domain features results in a significant reduction
in model performance, and (2) whether the proposed AutoDL achieves higher F1-score performance than an exist-
ing AutoDL system or a model designed under human supervision. A pairwise Wilcoxon test revealed a significant
reduction in model F1-score performance when time-domain or frequency-domain features were removed in three
of the four datasets (p < 0.05). In addition, the proposed AutoDL framework achieved higher F1-scores than both
an existing AutoDL system and human-designed models in three of the four datasets (p < 0.05). The final models
were deployed on a Raspberry Pi 3. The findings underscore the significance of automation and frequency-domain
representations in capturing the rhythmic biomechanical characteristics of cyclic movements. The release of the
open-source code is expected to accelerate research in biomechanics and facilitate the development of health
monitoring tools (https://github.com/MojtabaMohasel/AutoDL_DualStream).

Genetic algorithm
CNN
Time and frequency domain features

1. Introduction 2018), requiring a skill set beyond the average biomechanist, making
new research in the field difficult.

Deep learning (DL) has gained considerable attention in activity
recognition (Ismail et al., 2023). DL simplifies the stages of the ML
pipeline by providing an end-to-end framework that facilitates fea-
ture extraction, construction, and selection (Stages 4 to 6 in Fig. 1).
However, manually building deep models and determining model layers
and operation types through trial and error is tedious and ineffi-
cient. Therefore, practitioners often attempt to use the same model
architectures from published papers or try a limited set of layer
combinations (Oguiza, 2022), which can result in suboptimal per-
formance and limited real-world applicability for a unique dataset
(Halilaj et al., 2018).

Neural architecture search (NAS) alleviates the burden of man-
ual design by automatically exploring the architecture space and

In the biomechanics community, machine learning (ML) algorithms
coupled with wearable sensors such as inertial measurement units
(IMUs) (Ahmad et al.,, 2013) and surface electromyography (SEMG)
(Yadav and Veer, 2023) are commonly used to identify human move-
ments for prosthesis control (Krasoulis et al., 2019), exoskeleton control
(Pesenti et al., 2023), fall detection (Mohasel et al., 2025b), and mobility
monitoring (Spangler et al., 2024). Translation of raw sensor data into
accurate movement classifications with the desired performance, and de-
ployment on edge devices requires an ML pipeline (Fig. 1) (Probst et al.,
2019; Weerts et al., 2020). Optimizing each stage of the ML pipeline
requires expertise in machine learning, as multiple options are avail-
able based on input data type and classification requirements, each with
various hyperparameters. The best choices at each stage are interdepen-
dent and unique to each dataset and use case (Van Rijn and Hutter,
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Fig. 1. Overview of the stages in an ML pipeline for sensor-based activity
recognition.

corresponding hyperparameters (automating stages 4-8 in Fig. 1)
(Salehin et al., 2024). Yet, the effectiveness of NAS ultimately depends
on the quality and diversity of the input representations. Time-domain
representations have been extensively explored in the context of au-
tomated frameworks (Ismail et al., 2023; Gupta, 2021; Van Kuppevelt
et al., 2020). Frequency-domain representations, however, provide com-
plementary information about the periodicity of human movement
patterns (Sani et al., 2017; Revin et al., 2023). The lack of systematic
evaluation of the combined contribution of time- and frequency-domain
features to model performance in automated frameworks motivated the
present study.

This study develops an open-source Python library for an automated
DL pipeline. The primary contributions are (i) a software framework
for biomechanists that performs window optimization with integrated
class-imbalance handling and (ii) an empirical demonstration of the
utility of time-frequency hyperparameters under AutoDL. To evaluate
the effectiveness of the proposed automated framework, measured by
the macro-average F1l-score in a classification task, two hypotheses are
presented as follows:

Hypothesis 1: Models developed using both time- and frequency-
domain features achieve higher performance compared to models that
use only time-domain or frequency-domain features.

Hypothesis 2: A DL model designed by the automated framework
for activity recognition outperforms both (i) models generated by an
existing AutoDL library for time-series data and (ii) a manually designed
architecture with human supervision.

Journal of Biomechanics 202 (2026) 113290

2. Methods

The proposed automated data processing pipeline consists of several
sequential stages, which are described in detail in the following subsec-
tions. A genetic algorithm (GA) is implemented to optimize the entire
DL pipeline. The GA was used for optimization due to its ability to ef-
ficiently navigate large, complex, and non-differentiable search spaces
characteristic of pipeline optimization problems (Wu et al., 2022; Revin
et al., 2023).

2.1. Sensor data

Four public datasets containing human movement data, AReM (4)
(Palumbo et al., 2013), WISDM (7.37) (Kwapisz et al., 2011), PAMAP2
(4.84) (Reiss and Stricker, 2012), and Opportunity (6.63) (Chavarriaga
et al., 2013), with different imbalance ratios (presented in parentheses),
calculated as the number of majority samples divided by the number
of minority samples, were utilized to develop the automated frame-
work. These datasets feature multiple sensor configurations (Fig. 2)
and include various types of activities of daily living (Tables 1-A.4 in
Appendix A).

2.2. Data split

Data splitting refers to dividing data into training, validation, and
test sets. To ensure generalizability, the proposed framework requires
that all data from an individual be contained entirely in one of the sets
(training, validation, or test) (Halilaj et al., 2018). In this study, partici-
pant data was assigned to ensure that approximately 70% of participants
were used for training, 10-20% for validation, and 10-20% for testing,
following the recommended data distribution for activity recognition
using DL (Singh et al., 2025) (Tables 1-A.4 in Appendix A).

2.3. Sliding window

Sliding window refers to the process of dividing continuous sensor
data into smaller, fixed-length windows prior to feature extraction. The
choice of window size and overlap affects feature usefulness. Since hu-
man activities occur over different time spans, seven window sizes (0.25,
0.5, 1, 3, 5,7, and 10 s) were considered to capture variation in activ-
ity duration (Banos et al., 2014). For each window size, three overlap
percentages (25%, 50%, and 75%) were evaluated. Window and overlap
sizes are hyperparameters encoded in a chromosome of the GA.

2.4. Neural architecture search and hyperparameter optimization

The automated framework performs feature engineering using a
dual-stream convolutional neural network (CNN) (Jiang et al., 2023).

MAT

) AReM ) WISDM (c) PAMAP2 d) Opportunity

Fig. 2. Sensor placement in different activity recognition public datasets.
(a) AReM (Wireless sensor network (IRIS nodes with AT86RF230 radio
transceivers)), (b) WISDM (accelerometer and gyroscope sensor data from the
smartphone), (¢) PAMAP2 (IMU), (d) Opportunity (IMU and 3-axis accelerome-
ters).
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CNNs are widely used in human activity recognition due to their ability
to capture local temporal patterns in sensor data (Lee et al., 2017; Ismail
et al., 2023). The parallel feature extraction in each stream enables edge
devices equipped with multi-core processors to parallelize convolutional
operations across cores to meet real-time inference requirements for
activity recognition.

One stream uses windowed data and applies a one dimensional (1D)
CNN to extract time-domain features. Another stream applies a Short-
Time Fourier Transform (STFT) to the windowed data to create image
data containing frequency information (Appendix B). The output of
the STFT is a spectrogram (Fig. 3) that contains time—frequency infor-
mation corresponding to the specific window during which an action
occurred.

Finally, the time and frequency-domain features are concate-
nated and passed to a fully connected neural network for classifi-
cation. Hyperparameters related to the dual-stream network in neu-
ral architecture search can be organized into several subsections as
follows:

2.4.1. Convolution

The convolution aims to extract increasingly abstract feature rep-
resentations by passing the input data through a stack of multiple
convolutional operators. A convolution operation is performed by slid-
ing a convolutional filter over the input to exploit local relationships
between adjacent data points. The output of the convolutional layer is a
feature map, which is the input for the subsequent convolutional layer
(Fig. 3).

The convolutional section includes seven hyperparameters: €y
(batch normalization) and J (convolutional layer presence) are binary
flags. Cx specifies the number of filters (1-500), and € denotes kernel
size (1-8), where 2D CNN uses a k X k filter. €y selects the activation
function (ReLU, Tanh, and Sigmoid), ¢y sets the padding mode, and €g
defines the stride (1 or 2) (Mohasel et al., 2025b).

Stream 1 Input: Raw 1D Signal

Layer 1 Feature (Activation)
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2.4.2. Pooling

The pooling operation performs dimensionality reduction. The pool-
ing section includes two hyperparameters: Jy, (binary flag for applying
pooling) and B+ (pooling type: Average or Max) (Géron, 2022).

2.4.3. Flatten

The flatten transforms the feature maps from the convolutional
streams into a one-dimensional vector, preparing them for classification.
The flatten section includes J (apply flatten), J5 (apply dropout), and
D (dropout rate in [0.4,0.5]) as hyperparameters (Géron, 2022).

2.4.4. Classifier

The classifier section consists of fully connected dense layers that
perform the final classification based on the concatenated features from
both streams. The classifier includes six hyperparameters: J, (use dense
layer), Jy (batch normalization), £, (neurons per layer, 3-1024), £y
(activation), J5 (apply dropout), and © (dropout rate in [0.4,0.5])
(Géron, 2022). A maximum of three dense layers is allowed to prevent
over-parameterization.

2.4.5. Train

The training section defines the optimization parameters
for the model. The training section includes B (batch size:
{64,128,256,512,1024}), n (learning rate in [107°,1072]), and 4
(regularization term in [107¢,1072]).

2.5. Loss

The loss section defines the objective function used to update the
model’s weights and biases. Since human activities are inherently im-
balanced (Glaister et al., 2007; Mohasel and Koosha, 2026), this section
first assigns different weights to each activity ({C;} IM DIt then em-
ploys weighted cross-entropy or focal loss (Appendix C), selected by

the GA (L) based on performance, rather than relying on the standard

Layer 2 Feature (Event Trigger)
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2
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Fig. 3. The top row represents time-domain feature extraction, and the bottom row represents frequency-domain feature extraction. The spectrogram (bottom-left
image) was generated by applying an STFT to a 3-second example window of synthetic accelerometer data for a walking trial during which a stumble occurred.
The filters in each stream learn to extract features relevant to stumble detection. Shown are representative feature maps from layer 1 and layer 2, illustrating the

progressive abstraction and localization of salient motion-related features.
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cross-entropy loss to address class imbalance. An initial investigation
using SMOTE (Chawla et al., 2002) and undersampling confirmed that
an algorithmic-level approach was ideal for handling class imbalance.

2.6. Genetic algorithm hyperparameters

The initial population includes 50 randomly generated neural net-
works. Parent selection employs tournament selection (size = 4), with
an 80% single-point crossover applied to each chromosome section
(e.g., windowing, convolution, loss). Mutation (20%) alters one ran-
dom section. Thirty generations were allocated for model optimization
to ensure timely completion of results across all datasets. The provided
hyperparameters are an empirically validated default set that offers a
good trade-off between performance and efficiency and enabled us to
get results for four datasets in a timely manner. The users can adjust
the hyperparameters of the GA, while the automated framework also
provides an option to optimize these hyperparameters automatically.

2.7. Benchmark

McFly (Van Kuppevelt et al., 2020), an AutoDL framework, was cho-
sen because it was evaluated on a human activity recognition dataset
(PAMAP2), utilizes state-of-the-art model architectures (InceptionTime,
ResNet, ConvLSTM, CNN), and has publicly available code.

DeepConvLSTM (Ordéiiez and Roggen, 2016), an architecture devel-
oped under human supervision, was selected because it was evaluated
on two activity recognition datasets (Opportunity and Skoda), and has
code publicly available in a GitHub repository.

2.8. Computational resources

Model architectures for AutoDL systems (proposed AutoDL and
McFly) were optimized using the data split in Appendix A. Both AutoDL
systems were allocated the same number of objective function evalua-
tions (1500) for a fair comparison. Training was conducted on Montana
State University’s Tempest high-performance computing cluster, which
is equipped with an AMD EPYC 7H12 processor, 128 GB of RAM, and
an NVIDIA A100 GPU.

2.9. Statistical analysis

The data split described in Section 2.2 was used to determine the
optimal architecture produced by each AutoDL framework. For statis-
tical tests, leave-one-participant-out cross-validation was performed for
generating n macro average F-1-scores. The top model architecture for
the AutoDL systems was trained on n — 1 participants and tested on the
held-out n" participant. The participants were then rotated. Pairwise
Wilcoxon tests were subsequently conducted between the two models
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in each hypothesis (Appendices D and E), with the significance level ()
set to 0.05 (Rainio et al., 2024).

To elucidate the underlying feature representations in hypothesis
one, the distributed Stochastic Neighbor Embedding (t-SNE) (Maaten
and Hinton, 2008) method was employed. t-SNE is a dimensionality
reduction technique that projects high-dimensional data onto a two-
dimensional manifold while preserving local neighborhood structures.
The resulting visualizations facilitate the assessment of class separability
and the effectiveness of the extracted features.

2.10. Edge device deployment

Neural architecture search was conducted offline on the cluster, and
only the resulting optimized model was exported and deployed to the
edge device for real-time inference. The inference time is defined as the
duration required by the edge device to compute the STFT to generate
a spectrogram and to process both the IMU data and the corresponding
spectrogram through the network, resulting in the return of a predicted
label. The average and standard deviation of inference time were re-
ported for the STFT and the network separately over 1000 window
predictions.

The Raspberry Pi 3 was selected as a low-cost, credit-card-sized
single-board computer featuring a 1.2 GHz 64-bit quad-core ARM
Cortex-A53 processor, 1 GB of RAM, and built-in Wi-Fi and Bluetooth. Its
compact size, low power consumption (2.5W typical), and GPIO inter-
face make it a practical edge-computing platform for real-time activity
recognition applications. Models were deployed on the Raspberry Pi 3
using the TFLite library.

To evaluate deployment stability and resource efficiency, a longitu-
dinal stress test was conducted on the Raspberry Pi 3 by continuously
executing model inference on input data for twelve hours, while record-
ing variations in RAM usage, inference latency, and CPU utilization.

3. Result

Hypothesis 1: Models trained on the combined (time and frequency)
feature set achieved higher macro average F1-scores than those models
using only time-domain features on the AReM, WISDM, and Opportunity
datasets (p < 0.05) (Fig. 4a).

Similarly, models with the combined feature set achieved signif-
icantly higher performance than those using only frequency-domain
features on the AReM and Opportunity datasets (p < 0.05) (Fig. 4b).

Models trained on frequency-domain features yielded significantly
higher performance than those using time-domain features on the
WISDM dataset, whereas models developed using time-domain fea-
tures outperformed those based on frequency-domain features on the
Opportunity dataset (p < 0.05) (Fig. 4c). For the AReM dataset,
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Fig. 4. (a: left) Time + Frequency vs Time, (b: center) Time + Frequency vs Frequency, and (c: right) time vs Frequency. Comparison of macro-averaged F1-scores
across four public activity recognition datasets for models developed using time- and frequency-domain features, time-domain features only, and frequency-domain
features only. Horizontal bars indicate the median and interquartile range. P-values were computed using a Wilcoxon test for each participant. An asterisk (*) indicates

a significant difference at « = 0.05.
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time-domain features led to higher model performance; however, the
difference between time- and frequency-domain features was not statis-
tically significant at the 0.05 level (p = 0.08) (Fig. 4c). No significant
differences were observed for the PAMAP2 dataset (p = 0.53) (Fig. 4c).

The t-SNE visualization of the WISDM dataset (Fig. 5) indicates
that the combined time-frequency features yield slightly more com-
pact and separable data clusters compared to the frequency-domain
features alone. Nevertheless, this apparent visual improvement did not
translate into a statistically significant increase in F1-score when com-
bined features were compared to frequency domain features (p = 1.00;
Fig. 4b).

Hypothesis 2: The proposed AutoDL significantly outperformed
McFly on the AReM, WISDM, and PAMAP2 datasets (p = 0.01), while
no significant difference was observed on the Opportunity dataset
(p = 0.58) (Fig. 6a). When compared to the DeepConvLSTM, the pro-
posed AutoDL achieved significantly higher Fl-scores on the WISDM,
Opportunity, and PAMAP2 datasets (p = 0.01) and showed comparable
performance on AReM (p = 0.92) (Fig. 6b).

High-performance computing resources were utilized to expedite the
optimization of two AutoDL systems (requiring repeated training for
rigorous statistical analysis). However, the estimated optimization time
for the AReM dataset is approximately 1 hour, whereas for the remain-
ing datasets it is approximately 12 + 3 hours on a PC (e.g., an Intel
Core i7 processor, 32GB RAM, and an NVIDIA GeForce RTX 3080 GPU),
demonstrating the suitability of the framework for biomechanics labs.

The inference time on the Raspberry Pi 3 differed across datasets.
For the STFT computation, the average inference times were: AReM,
25 + 3 ms; WISDM, 10 + 3 ms; Opportunity, 550 + 50 ms; and PAMAP2,
170 + 40 ms.

For the dual-stream network forward pass, the average inference
times were: AReM, 10 +2 ms; WISDM, 7 +2 ms; Opportunity, 60 + 10 ms;
and PAMAP2, 30 + 5 ms per window.

The longitudinal stress test demonstrated system stability, defined
by the absence of memory leaks (RAM usage constant at 253 MB)
and consistent inference latency (10 + 3 ms per window) over the
duration of the test. The average CPU utilization stabilized at 15.7%,
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indicating sufficient computational headroom for background processes
and minimal power consumption, supporting viability for battery-
powered operation.

4. Discussion

This article presents a novel and flexible framework that takes wear-
able sensor data as input, automatically performs data windowing,
feature engineering, and handles class imbalance, generating a deploy-
able, high-performance model architecture tailored for biomechanical
applications.

Hypothesis 1 findings confirm the contribution of time- and
frequency-domain features to improve model performance. Activity
recognition studies have predominantly relied on time-domain features
(Wang et al., 2019; Gu et al., 2021), as off-the-shelf DL models such
as recurrent neural networks and temporal CNNs are inherently de-
signed for temporal data processing. However, many human activities
exhibit cyclic characteristics, such as walking, running, or stair as-
cent and descent, which are more effectively captured in the frequency
domain. Spectrograms help visualize complex, cyclical motions. For in-
stance, walking cadence appears as a repeating vertical stripe pattern,
which a CNN can identify using shift-invariant filters enhancing the
discrimination between activity classes (Sani et al., 2017).

To assess the contribution of features in each domain, an analysis
was performed by excluding feature representations from each domain.
Removing frequency-domain features resulted in an average 3% re-
duction in Fl-score, while removing time-domain features led to an
average 3.4% reduction across datasets, confirming that both temporal
and spectral representations contribute valuable information to clas-
sification performance. These findings are consistent with prior work
employing IMU sensors and a dual-stream CNN for classification (Jiang
et al., 2023). Unlike prior work that relied on predefined architectures
for each processing stream, our proposed framework automatically opti-
mized the network depth, width, and input resolution to adapt the model
to different types of input sensor data.

The varying impact of frequency-domain features stems from biome-
chanic fundamentals of human walking. The WISDM dataset is domi-
nated by cyclical gait activities, including walking and jogging, where
power spectral density reveals distinct peaks corresponding to stride
cadence and harmonics. Conversely, the Opportunity dataset consists
largely of aperiodic postures such as sitting and standing. These activ-
ities lack a stable fundamental frequency and instead rely on signal
magnitude to define body segment orientation relative to gravity.
Consequently, time-domain features proved superior for Opportunity
(Fig. 4c), whereas frequency-domain representations were critical in
WISDM.

Furthermore, the anatomical placement of sensors (Fig. 2) influ-
enced the efficacy of frequency-domain features. Acceleration profiles
and their spectral characteristics vary significantly depending on the
anatomical direction and segment location (Sejdi¢ et al., 2013). In
WISDM, the sensor is located on the thigh (Fig. 2b), a segment that
undergoes continuous, pendulum-like oscillation during gait, generat-
ing a strong harmonic structure that the frequency-stream CNN can
exploit. (A quantitative biomechanical validation and an interpretability
analysis based on Gradient-weighted Class Activation Mapping (Grad-
CAM) (Selvaraju et al., 2017) for the WISDM dataset are provided
in Appendix F). In contrast, the Opportunity dataset relies heavily on
upper-extremity sensors (Fig. 2d) to capture activities of daily living.
Biomechanically, upper-limb functional tasks exhibit lower-amplitude
periodicity compared to lower-limb locomotion (Kavanagh and Menz,
2008), rendering frequency-domain features less discriminative than
time-domain profiles, which better capture the onset, duration, and
intensity of discrete motor tasks.

Hypothesis 2 results highlight the effectiveness of the proposed
framework compared with an existing AutoDL. McFly, generates
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architectures through random search, where the number of architec-
tures is specified by the user. However, McFly lacks an exploitation
mechanism to refine promising architectures once they are discovered.
Furthermore, it does not include automated window segmentation, re-
quiring users to manually repeat the process for varying window sizes. In
contrast, our proposed framework uses a GA for optimization. Although
the GA demands greater computational resources than random search,
it enhances both exploration and exploitation by adaptively evolving
model architectures over generations.

The median F1-scores demonstrate the superiority of the proposed
model across all datasets: on AReM, it achieved 0.86 compared to
McFly’s 0.70; on WISDM, 0.98 versus 0.86; on Opportunity, 0.91
versus 0.90; and on PAMAP2, 0.91 versus 0.72. On average, the pro-
posed model’s F1-score was 10% higher than that of McFly across all
datasets.

McFly demonstrated the applicability of its framework to activity
recognition datasets; however, employing model architectures such as
InceptionTime and ResNet is difficult to justify in biomechanics, where
study designs often include only 2-20 participants (Vagenas et al.,
2018). The only dataset for which the alternative hypothesis was re-
jected was Opportunity (p = 0.58, Fig. 6a). The large number of sensors
used (Fig. 2d) created a high-dimensional feature space that favored
the architectures generated by McFly. Nevertheless, such sensor config-
urations are uncommon in real-world applications, where devices must
meet comfort demands of the user (Shull and Damian, 2015).

As part of the second hypothesis, the proposed framework achieved a
higher F1-score compared to DeepConvLSTM (Fig. 6b). This finding un-
derscores the significance of automation in surpassing human-informed
decisions on window and overlap sizes as well as architecture design
based on the nature of the performed actions.

While DL models can automatically learn discriminative features
from raw sensor data, their optimal performance typically depends on
recruiting a large number of participants to discover discriminative fea-
tures (Goodfellow et al., 2016), which is often impractical in biomechan-
ics studies. Leveraging domain knowledge from expert biomechanists
offers an effective way to mitigate this limitation. For instance, it was
observed that features extracted from stair ascent and descent exhibited
partial overlap (Fig. 5a). However, biomechanics indicates that stair as-
cent involves significantly greater hip and knee angles and moments,
whereas stair descent is characterized by larger ankle dorsiflexion and
plantarflexion angles (Protopapadaki et al., 2007). Such kinematic and
kinetic relationships can be included as a function to create a hand-
crafted feature if the required sensors on specific body segments are
available. The concatenation of customizable features with automati-
cally extracted features can substantially improve model performance
(Dong et al., 2018).

The total inference time for three of the datasets was below 200 ms,
which is faster than the 700 ms requirement reported for pre-impact
fall detection (Hu and Qu, 2016) and the 300 ms inference thresh-
old noted for prosthetic control (Pew and Klute, 2017; Mohasel et al.,
2025a). Notably, the generated DL models account for only a minor
fraction of the total inference time, and the STFT emerged as the pri-
mary bottleneck. Optimizing model architectures for smaller window
sizes can substantially reduce the time required for STFT computa-
tion when both performance and inference speed are important to the
user.

The proposed design follows best practices by streamlining the or-
ganization of subjects’ data into separate training, validation, and test
sets (Halilaj et al., 2018), and by automatically identifying the optimal
window and overlap sizes for capturing individual movement patterns.
Furthermore, the framework is equipped to handle class imbalance, a
persistent challenge in biomechanics that is often overlooked (Halilaj
et al., 2018). The GA determines the optimal weight of each class,
and a weighted cross-entropy or focal loss function addresses the class
imbalance issue. Overall, the improved outcomes and the automated
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nature indicate the potential of our framework as a valuable tool for
biomechanists.

4.1. Limitations:

« Models: Model development was limited to dual-stream CNN
architectures for hypothesis analysis. The high computational de-
mand of neural architecture search in both the proposed framework
and McFly constrained the exploration of other types of DL mod-
els within the framework. The final version of our framework will
support model creation in the time-domain stream using long short
term memory (LSTM), gated recurrent units, and ConvLSTM, which
are among the most commonly used models in human activity
recognition.

Hyperparameter Range: Broad hyperparameter ranges were de-
liberately selected to facilitate adoption by users without ML
expertise across various datasets. However, the framework per-
mits customization of these ranges (e.g., reducing network depth
to 2-3 convolutional blocks per stream, reducing filter counts to
the range of 16 to 128, and reducing the GA population size to
20 with 10 generations) for users wishing to constrain the search
space for smaller biomechanical datasets or reduced computational
resources.

Generalizability: The framework was validated on four public
datasets with fixed sensor placements and activity types. Future
work should evaluate the robustness of the developed models in
real-world scenarios, such as those involving sensor displacement,
occlusion, or atypical movement patterns.

5. Conclusion

This article introduces a framework that automates the stages of
model development in ML. Automation applies to data splitting, data
segmentation, neural architecture search, and hyperparameter optimiza-
tion in both the time and frequency domains, as well as addressing
class imbalance to enable the model to self-adapt to various types
of input sensor data. The joint contribution of time- and frequency-
domain features was validated in three of the four activity recogni-
tion datasets. The exported models outperformed those generated by
McFly and DeepConvLSTM in three out of four datasets. The proposed
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framework provides a practical pathway for biomechanists with limited
ML background to develop DL models more efficiently.
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Appendix A

This section presents the subject-wise distribution of training, vali-
dation, and test splits across all datasets used in the study.

Table 1
Subject distribution across training, validation, and test sets for the AReM dataset.
Class Train Validation Test
Subjects Percentage  Subjects  Percentage  Subjects  Percentage

Standing 2,5,6,7,8,9,10,11, 12,13, 14, 15 18.2% 3 14.3% 1,4 14.3%

Bending2 2,5,6,7,8,9,10,11, 12,13, 14,15 4.5% 3 14.3% 1,4 14.3%

Cycling 2,5,6,7,8,9,10, 11, 12,13, 14, 15 18.2% 3 14.3% 1,4 14.3%

Lying 2,5,6,7,8,9,10,11, 12,13, 14, 15 18.2% 3 14.3% 1,4 14.3%

Sitting 2,5,6,7,8,9,10,11, 12,13, 14, 15 18.2% 3 14.3% 1,4 14.3%

Walking 2,5,6,7,8,9,10, 11, 12,13, 14, 15 18.2% 3 14.3% 1,4 14.3%

Bendingl 2,5,6,7,8,9,10, 11, 12,13, 14, 15 4.5% 3 14.3% 1,4 14.3%

Table 2
Subject distribution across training, validation, and test sets for the WISDM dataset.
Class Train Validation Test
Subjects Percentage Subjects Percentage Subjects Percentage

Downstairs 1, 3,4, 5,6, 7,11, 12, 14, 16, 18, 19, 20, 22, 23, 24, 26, 28, 29, 30, 32, 33, 34, 36 8.9% 13,15,17, 21, 27 10.1% 8,10,31 9.2%
Jogging 1,2,3,4,5,6,7,11, 12, 14, 18, 19, 20, 22, 23, 24, 25, 26, 29, 32, 33, 34, 35, 36 31.7% 13, 15,17, 21, 27 29.1% 8,10,31 30.3%
Sitting 3,4,5,6,7,12, 16, 18, 19, 20, 24, 29, 30, 32, 33, 34, 35, 36 6.2% 13, 21, 27 2.9% 8,31 4.0%
Standing 3,5,6,7,12, 16, 18, 19, 20, 24, 28, 29, 30, 32, 33, 34, 35, 36 4.3% 13, 21, 27 3.6% 8,10,31 6.3%
Upstairs 1,3,4,5,6,7,11, 12, 14, 16, 18, 19, 20, 22, 23, 24, 26, 28, 29, 30, 32, 33, 34, 36 11.0% 13, 15,17, 21, 27 12.0% 8,10,31 11.2%
Walking 1,2,3,4,5,6,7,11, 12, 14, 16, 18, 19, 20,22,23, 24, 25, 26, 28, 29, 30, 32, 33, 34, 35,36 37.8% 9,13,15,17,21,27 42.3% 8,10,31 39.1%
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Table A.3
Subject distribution across training, validation, and test sets for the PAMAP2 dataset.
Class Train Validation Test
Subjects Percentage Subjects Percentage Subjects Percentage

Lying 1,2,3,4,6,8 10.0% 5 8.7% 7 10.7%

Sitting 1,2,3,4,6,8 10.2% 5 9.9% 7 5.1%

Standing 1,2,3,4,6,8 9.9% 5 8.1% 7 10.8%

Walking 1,2,3,4,6,8 12.1% 5 11.8% 7 14.1%

Running 1,2,4,6,8 4.9% 5 9.0% 7 1.5%

Cycling 1,2,4,6,8 8.2% 5 9.0% 7 9.5%

Nordic Walking 1,2,4,6,8 9.3% 5 9.6% 7 12.0%

Ascending Stairs 1,2,3,4,6,8 6.0% 5 5.2% 7 7.4%

Descending Stairs 1,2,3,4,6,8 5.6% 5 4.7% 7 4.9%

Vacuum Cleaning 1,2,3,4,6,8 9.0% 5 9.0% 7 9.0%

Ironing 1,2,3,4,6,8 12.3% 5 12.1% 7 12.3%

Rope Jumping 1,2,6,8 2.5% 5 2.8% 9 2.7%

Table A.4
Subject distribution across training, validation, and test sets for the Opportunity dataset.
Class Train Validation Test
Subjects Percentage Subjects Percentage Subjects Percentage
Null 1D, 1A1, 1A2, 1A3, 1A4, 1A5, 2D, 2A1, 2A2, 2A3, 3D 17.0% 3A1, 3A2 14.4% 2A4, 2A5, 3A3, 3A4, 3A5 20.6%
Stand 1D, 1A1, 1A2, 1A3, 1A4, 1A5, 2D, 2A1, 2A2, 2A3,3D  41.9% 3A1,3A2  39.8% 2A4, 2A5, 3A3, 3A4, 3A5  31.4%
Walk 1D, 1A1, 1A2, 1A3, 1A4, 1AS5, 2D, 2A1, 2A2, 2A3, 3D 23.2% 3A1, 3A2 24.4% 2A4, 2A5, 3A3, 3A4, 3A5 22.9%
Sit 1D, 1A1, 1A2, 1A3, 1A4, 1A5, 2D, 2A1, 2A2, 2A3, 3D 16.0% 3A1, 3A2 15.4% 2A4, 2A5, 3A3, 3A4, 3A5 20.4%
Lie 1D, 1A1, 1A2, 1A3, 1A4, 1A5, 2D, 2A1, 2A2, 2A3,3D  1.9% 3A1,3A2  6.0% 2A4, 2A5, 3A3, 3A4, 3A5  4.7%
Appendix B Focal loss introduces a modulating factor to down-weight well-

This section details the mathematical formulation of the Short-
Time Fourier Transform (STFT) used for generating time—frequency
representations of the sensor data.

The STFT is applied to one-dimensional time-series window data as
follows:

N-1
Y(o.m.cl= Y, wlkIX[mH +k,c]exp (—j 2Zrok ) , (B.1)
k=0 N

where m is the index of the sliding window, w is the frequency bin index,
where 0 < w < {%J +1, ¢ is the channel index, w[k] is the Hann window
function applied to each segment of the signal, which is defined as:

=1 (1o (225).

in which X[m X H + k, c] represents the signal segment indexed by m,
windowed by k, and corresponding to channel ¢, H is the hop size, de-
termining the step size between successive windows. The exponential

term exp (— Jj Z”I‘V”’k

(B.2)

) applies the Fourier Transform to each windowed

N
segment. Hence, Y € (C([ 2 JH)XMXC given X € R¥>*¢ where W denotes
the window size.

Appendix C

This section describes the loss functions employed in the frame-
work, including weighted cross-entropy and focal loss for handling class
imbalance.

The weighted cross-entropy loss is formulated as follows:

CE =— Z w;t; log(f(S),), b

where w; is the class-specific weight (higher for minority classes), ¢; is
the true label (1 if the sample belongs to class i, 0 otherwise), and f(.5);
is the predicted probability obtained after applying the softmax function
to the logits S.

classified samples and focus learning on harder samples:

L(y) = =1 - p) log(p), (C2)

where p represents the predicted probability of the correct class, and y
(determined by GA) controls the degree of focusing on hard examples.
When y = 0, focal loss reduces to standard cross-entropy loss. GA identi-
fies the appropriate loss function for the input data and determines the
optimal weights for the loss function.

Appendix D

This section defines the statistical hypotheses used to evaluate the
contribution of time- and frequency-domain features to model perfor-
mance.

Hypothesis 1 tests whether combining time- and frequency-domain
features leads to higher macro-averaged F1-scores than using only time-
domain features.

« Null Hypothesis (H(;): The median macro-averaged F1-score of
the combined (Time + Frequency) model is less than or equal to
that of the Time-only model. Formally,

1. 5 5
H() . FlTimeJrFreq < FlTime'

« Alternative Hypothesis (Hll): The median macro-averaged F1-
score of the combined (Time + Frequency) model is greater than
that of the Time-only model. Formally,

Hll : FlTime+Freq > FlTime'
Hypothesis 2 tests whether combining time- and frequency-domain

features leads to higher macro-averaged F1-scores than using only
frequency-domain features.

« Null Hypothesis (Hg): The median macro-averaged F1-score of
the combined (Time + Frequency) model is less than or equal to
that of the Frequency-only model. Formally,

2. F 5
Ho . FlTime+Freq < FlFreq-
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« Alternative Hypothesis (H 12): The median macro-averaged F1-
score of the combined (Time + Frequency) model is greater than
that of the Frequency-only model. Formally,

2. F al
H] . FlTime+Freq > FlFreq'

Hypothesis 3 tests whether there is a significant difference in macro-
averaged F1-scores between models trained with time-domain features
and those trained with frequency-domain features.

« Null Hypothesis (Hg): The median macro-averaged F1-scores of
the Time-only and Frequency-only models are equal. Formally,

H} @ Flype = Flge,.

+ Alternative Hypothesis (H |3): The median macro-averaged F1-
scores of the Time-only and Frequency-only models differ.
Formally,

1{13 : FlTime # FlFreq'

Appendix E

This section outlines the statistical hypotheses used to compare the
proposed AutoDL framework with baseline models.

Hypothesis 1 tests whether the proposed AutoDL framework
achieves higher macro-averaged F1-scores than an existing open-source
AutoDL system (McFly) across multiple activity recognition datasets.

» Null Hypothesis (Hd ): The median macro-averaged F1-score of
the proposed AutoDL framework is less than or equal to that of
McFly. Formally,

1. 7 ot
H() . FlProposed < FlMcF]y-

« Alternative Hypothesis (H l‘): The median macro-averaged F1-
score of the proposed AutoDL framework is greater than that of
McFly. Formally,

Hll : Fleposed > FlMcFIy'
Hypothesis 2 tests whether the proposed AutoDL framework

achieves higher macro-averaged Fl-scores than a manually designed
deep learning architecture (DeepConvLSTM) across the same datasets.
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« Null Hypothesis (H g): The median macro-averaged Fl-score of
the proposed AutoDL framework is less than or equal to that of the
DeepConvLSTM model. Formally,

2.7 a1
HQ . FlProposcd < FchcpConvLSTM-

« Alternative Hypothesis (H 12): The median macro-averaged F1-
score of the proposed AutoDL framework is greater than that of
the DeepConvLSTM model. Formally,

2. F o
Hy @ Flproposed > FlpeepComiLsTV-

Appendix F

This section presents a biomechanical validation of the learned
frequency-domain features using spectral analysis and Grad-CAM-based
interpretation.

A two-stage validation was conducted to ensure the proposed AutoDL
framework utilizes physically grounded features. First, a segment-
specific spectral analysis was performed on the raw sensor data
to characterize the physical cadences associated with each activ-
ity. Subsequently, an interpretative saliency analysis named Gradient-
weighted Class Activation Mapping (Grad-CAM) was executed to verify
that the deep network’s frequency-domain branch specifically attends to
these biomechanically relevant features for classification.

Analysis 1: Welch’s method was applied to the vector magnitude
of the thigh-segment acceleration to identify dominant rhythmic fre-
quencies. As shown in Fig. F.7 distinct spectral representations were
identified for various activities: 'Walking’ exhibited a frequency peak
at 2.01 Hz (120.6 steps/min), while 'Jogging’ shifted to 2.56 Hz
(153.4 steps/min). These findings indicate that different activities pos-
sess unique spectral signatures within the functional human movement
range, providing a meaningful physical basis for the use of frequency-
domain classification in addition to time-domain features.

Analysis 2: A saliency analysis was performed to examine whether
the dual-stream network effectively prioritizes these spectral differences.
Grad-CAM was applied to the 2D-CNN branch to visualize model at-
tention in the time-frequency domain. As illustrated in Fig. F.8, the
network’s high-importance regions (red hotspots) align precisely with
the rhythmic periodicities identified in the first analysis. Specifically,
for 'Walking’, the model’s attention is concentrated in the 2 Hz band,
whereas for "Jogging’, the attention shifts to the 2.6 Hz band and its
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—— Walking (Mean cadence: 120.6 steps/min)
Jogging (Mean cadence: 153.4 steps/min)

—— Upstairs (Mean cadence: 113.0 steps/min)

—— Downstairs (Mean cadence: 134.7 steps/min)

Frequency (Hz)

Fig. F.7. Segment-specific spectral analysis and frequency-cadence Mapping of thigh-mounted sensor data. The plot illustrates the mean power spectral density (PSD)
of the Acceleration vector magnitude for four distinct activities (Walking, Jogging, Upstairs, and Downstairs). Dominant spectral peaks within the functional human
gait range (1.0-3.0 Hz) represent the fundamental frequency of movement for each activity. The legend provides the quantitatively mapped mean physical cadence
in steps per minute (SPM), calculated from the peak frequency (fpea) @ SPM = fpqq X 60. Note the significant rightward shift and prominent higher-frequency
harmonics (at ~4 Hz and ~5.3 Hz) in the jogging profile (orange) compared to the walking profile (blue), reflecting the increased step rate and higher-intensity

impact transients characteristic of running.
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Fig. F.8. Visual interpretation of frequency-domain features using Grad-CAM. Left panels illustrate the input Spectrograms (log-magnitude) derived from the thigh-
mounted sensor for walking (top) and jogging (bottom) over a 6.4-second window. Right panels show the corresponding Grad-CAM saliency overlays, where red
hotspots indicate spectral regions of high relative importance for model classification. A distinct spectral shift in model attention is observed: for walking (top-
right), the network prioritizes the fundamental gait frequency and lower harmonics (2.0-4.0 Hz). Conversely, for jogging (bottom-right), the attention shifts to
higher-frequency components (6.0-10.0 Hz), capturing the increased cadence and higher-intensity impact transients characteristic of running. This spatial alignment
between model attention and physical movement periodicities validates that the network’s frequency branch successfully utilizes Biomechanically relevant features

for activity discrimination.

associated harmonics. This spatial alignment confirms that the AutoDL
framework has successfully learned to extract and utilize physically valid
biomechanical features for activity discrimination.

Data availability

Data sharing is not applicable to this article as no new data were
created in this study.
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