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ABSTRACT Real-time implementation of human activity recognition systems is often challenging due
to high computational costs and the need for extensive datasets. Existing models rarely account for older
adults, particularly those with mobility limitations. This study proposes a lightweight classifier for redhuman
activity recognition that utilizes minimal biomechanical features based on thigh and foot angles measured by
two IMUs to classify activities, including walking, stair ascent and descent, standing, and sitting. Data from
10 young adults were used to train the model, which was subsequently tested on separate cohorts of 5 young
and 10 older adults. A KNN classifier was implemented in a smartphone application for real-time use.
To optimize its performance, an adaptive segmentation method was developed to accurately detect toe-off
in different activities and reduce computational overhead. The model was trained to recognize mobility
limitations in older adults, non-alternating leg stair negotiation, where individuals rely on one leg. redRather
than using deep learning architectures, the proposed physics-based framework uses simple and interpretable
biomechanical features to enable real-time implementation on resource-constrained devices. The system
achieved overall 99% detection accuracy for young and old adults with normal movement patterns and
achieved 93% accuracy in distinguishing non-alternating leg stair negotiation from normal stair negotiation
patterns in older adults. The results demonstrate the feasibility of a computationally efficient model with
minimal features for real-time applications. By addressing the movement characteristics of older adults,
this study contributes to the development of an accessible health monitoring system for real-world activity
detection in aging populations.

INDEX TERMS Adaptive windowing, biomechanical features, human activity recognition (HAR), machine
learning, older adults, non-alternating stair negotiation.

I. INTRODUCTION
Human activity recognition (HAR) is considered a wide
range of applications, including assisted living, medical,
and healthcare [1], rehabilitation [2], smart homes [3],
and industrial settings as a system for human-machine
interactions. HAR systems aim to automatically identify and
analyze human activities using data from wearable sensors or
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camera-based technologies, where in the context of assisted
living, implementing wearable sensors can lead to a healthier
lifestyle and independence for people [4]. The monitoring
and classification of daily activities are crucial to assessing
the quality of life for different age groups, as well as
predicting potential abnormalities in movement patterns [5],
[6], [7]. Furthermore, HAR systems can investigate physical
activity [8] and provide feedback to motivate people to adhere
to daily physical activity targets [9]. Accurate information
on daily patterns can improve the treatment and diagnosis

VOLUME 13, 2025

 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ 156215

https://orcid.org/0009-0001-8165-7375
https://orcid.org/0009-0006-2543-7761
https://orcid.org/0000-0002-3134-8128
https://orcid.org/0000-0003-0491-9236


E. S. M. et al.: Real-Time Activity Recognition Using Minimal Biomechanical Features

of neurological and respiratory disorders, particularly for
older adults [4]. HAR is also a valuable tool in the field of
Ambient Assisted Living (AAL), offering various solutions
to improve the quality of life for frail individuals and those
with disabilities while enhancing health and independence
[10].

Body-worn sensors are suitable for collecting data over
an extended time in HAR systems. Inertial measurement
units (IMUs) are often the preferred type of body-worn
sensors due to their ability to provide precise and consistent
measurements of motion and orientation without limitations
such as blind spots or environmental dependencies [11].
Unlike camera-based systems, IMUs can be used in diverse
environments and are not limited by visual obstructions or
lighting conditions [12], [13]. However, IMU-based HAR
systems require proper feature representation and classifiers
for the collected data. A spectrogram-based feature extraction
approach combined with data augmentation techniques can
significantly enhance recognition accuracy. These methods
address the issue of data scarcity and have been shown to
produce promising results when applied to datasets such as
the UCI HAR dataset [14]. Combining data from multiple
IMUs placed on different body positions can further improve
the HAR accuracy. An attention-based fusion mechanism can
determine the significance of each sensor, leading to better
feature representation and classification performance. This
approach has outperformed state-of-the-art methods across
various activity categories [15]. Additionally, the integration
of IMUs with the Internet of Things (IoT) and machine
learning (ML) techniques enables real-time monitoring and
personalized activity recognition with a high accuracy of 97%
in daily activity [16].

Traditional sensor-based HAR systems heavily rely on
the selection of biomechanical features from IMU signals
to represent human movement accurately. For instance,
methods using Extreme Gradient Boosting (XGBoost) have
been successful in classifying IMU-derived biomechanical
features for balance assessment [17], [18]. In addition,
studies have highlighted the importance of features extracted
from key body segments such as thigh and foot angles for
detecting transitions between activities like walking and stair
negotiation [5], [19]. By focusing on these minimal yet
critical features, researchers seek to reduce misclassification
due to complex and noisy IMU data, highlighting the
potential of physics-based feature selection in creating robust
and computationally efficient HAR systems.

The integration of deep learning (DL) techniques, such
as convolutional neural network (CNN), deep convolutional
neural network (DCCN), and long short-term memory net-
works (LSTM), have shown promise in enhancing HAR sys-
tems’ ability to extract spatial and temporal features, leading
to better performance in health monitoring applications [6],
[20], [21]. Various DL models such as CNNs, LSTMS, and
Transformers have been employed to enhance HAR accuracy,
focusing on feature extraction of the patterns of activi-
ties. For instance, conformer-based models and lightweight

Transformers have superior performance in capturing tem-
poral dynamics [13], [22]. Ali and Abdelhafeez [23] showed
that a combination of CNN and LSTM models can enhance
the accuracy and robustness of HAR systems, demonstrat-
ing the potential for real-time applications. Ordóñez and
Roggen [24] investigated how recurrent architectures like
LSTM can have better segmentation characteristics than a
normal CNN. Combining different models and techniques,
such as hybrid learning models with feature analysis and
data correction, can achieve high classification accuracy.
For instance, using XGboost and Convolutional Variational
Autoencoder (CVAE) models has resulted in a classification
accuracy of 96% for detecting standing, sitting, walking, and
running [25]. Both ML and DL models have been employed
for HAR using IMU’s accelerometer and gyroscope data,
with LSTM models achieving high accuracy scores of 99%.
These models are successful in capturing the temporal
dynamics of human activities [26], [27]. Tang et al. [28]
proposed a deep CNN using a Hierarchical-Split (HS) block
to extract multiscale features, enabling the model to learn
richer representations by capturing larger receptive fields.
Their method achieved high accuracy (up to 99.02%) on
benchmark datasets like UCI-HAR, WISDM, PAMAP2,
and UNIMIB-SHAR. Alawneh et al. [29] proposed a
personalized HAR framework using LSTM models within
an edge–cloud architecture to recognize 17 daily activities.
Their system employed incremental learning to adapt to
user-specific patterns and achieved up to 98.54% accuracy
using the UniMiB SHAR dataset. Akter et al. [30] introduced
a CNN-based HAR model integrating attention mechanisms
(CBAM) and spectrogram features, achieving results across
three benchmark datasets, including KU-HAR, with up to
96.86% accuracy.

Although combining DL models for feature extraction
with ML classifiers, such as SVM, KNN, NB, and LDA has
significantly improved HAR performance, several challenges
remain. A major obstacle is the high computational cost,
which results in considerable delays for real-time detection
and often necessitates extensive datasets and multiple IMUs
for accurate recognition. Furthermore, these approaches
typically require powerful processing units or even the
integration of additional technologies like IMU andWiFi [12]
for cloud-based processing. The primary limitation with
CNN, LSTM, and Transformer approaches is that their
feature extraction processes are not fully optimized and
require significant computational resources. As a result, the
unoptimized version of them may not be a suitable approach
for real-time HAR applications, and other solutions should
be implemented. Physics-based features derived from human
movement biomechanics could be a promising alternative.
Instead of relying on deep convolutional or recurrent layers,
a simplified method can be used, where biomechanical
variables are directly extracted and classified using conven-
tional ML algorithms. This approach reduces computational
demands while maintaining acceptable accuracy for real-time
activity recognition.
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Real-timeHAR systems often require low latency, efficient
processing, and computational cost. Considering this, heuris-
tic feature-based ML algorithms are suitable techniques
to achieve the mentioned desired properties of a system.
For example, a support vector machine with a radial
basis function kernel (RBF-SVM), enhanced with spherical
normalization, achieved a high accuracy of 97.35% while
maintaining low latency output [31]. Zhou et al. [32]
introduced a resource-efficient DeepConv LSTM model,
designed specifically for edge devices using TinyML. Their
model captures both spatial and temporal features, targeting
real-time HAR in low-power, memory-constrained environ-
ments, which achieved an accuracy of 98.24% in recognition
of the activities. Deng et al. [33] proposed a lightweight
HAR framework using knowledge distillation to transfer
information from deep models to compact architectures,
enabling efficient and accurate activity recognition on
resource-constrained wearable devices. Various classifiers
have been evaluated for their effectiveness in real-time
HAR applications. Studies have shown that classifiers like
KNN and decision trees (DT) provide high accuracy with
low computational requirements, suitable for implementation
on microcontrollers in wearable devices [34], [35]. DTs,
in particular, are valued for their ease of implementation
and minimal resource consumption [36], [37]. Additionally,
SVM with a quadratic kernel and ensemble classifiers
using bagging and boosting techniques have demonstrated
superior performance in HAR tasks, achieving accuracies
of 93.5% and 94.6%, respectively. Logacjov et al. [38]
introduced the HARTH dataset for HAR includes 12 anno-
tated activities collected using two accelerometers. Among
seven machine learning and deep learning models, SVM
could reach the best accuracy with F1-score 0.81. These
classifiers are further optimized by excluding less relevant
features, making them lightweight and suitable for real-time
applications [39].

Among studies incorporating biomechanical features for
movement activity classification, thigh-related features are
particularly significant, especially for distinguishing stair
negotiation (SN) activities. Ansah et al. [40] used an IMU
placed solely on the thigh for event-based feature extraction
to detect stair ascent and descent, including their transition
moments to level walking. Cheng et al. [41] utilized instanta-
neous characteristic features (ICF) of the thigh during SN as
a key factor for classifying stair ascent, descent, walking, sit-
ting, and standing. Their approach relied on a state machine to
detect transitions between these activities. Similarly, Bartlett
and Goldfarb [42] employed a phase-space-based coordinate
system derived from thigh motion, providing a feature set
applicable to common pattern recognition methods for gait
and stair activities. This approach functioned effectively
using only a 6-axis IMU. Chinimilli et al. [43] demonstrated
that using a single IMU on the thigh to measure angular
displacement and velocity enabled classifiers to accurately
detect uphill/downhill walking and stair ascent/descent.
Young and Hargrove [44] took a different approach by

applying LDA classifiers with data from 13 IMUs to
develop a user-independent recognition system. Their model
successfully detected transitions between walking and stair
climbing for transfemoral amputees.

The main challenges in HAR system research include the
need for large datasets to train models, difficulties in real-
time implementation, and the inclusion of older adults in the
models.Most existingmodels have been developed and tested
using data from healthy young adults, which limits their
applicability to older populations. Age-related physiological
changes, such as reduced mobility, non-alternating leg (NAL)
patterns during stairs negotiation (SN), and slower reaction
times, significantly influence the movement patterns of older
adults.

In this study, we propose a lightweight human activity
recognition (HAR) method for real-time implementation
on smartphones, using minimal body-worn IMUs and
biomechanics-based classifiers. As a physics-based frame-
work, our model relies on biomechanical features, maximum
and minimum angle values of the thigh and foot, which
are physically interpretable and representative of key gait
events. Rather than introducing a complex new neural
network architecture, our contribution lies in the development
of a computationally efficient and practically deployable
classifier that can be trained with a small dataset, reducing
the dependency on large training samples, while maintaining
high accuracy. The offline model was trained using heuristic
ML algorithms, including SVM, KNN, NB, and LDA, and
it was implemented in real-time by developing a KNN
classifier, for their low computational cost and ease of
implementation on resource-constrained devices. The model
uses two IMUs placed on a single leg (thigh and foot)
to extract biomechanical features in real-time. To support
real-time applications, an adaptive segmentation strategy for
toe-off detection in various activities was also implemented.
The statistical results show how biomechanical features
obtained from young adults could be used to train a model
that remained effective for older adults. So, the system can
be applicable to older adults and is also capable of detecting
non-alternating leg (NAL) stair negotiation (SN), as a
prevalent mobility issue in older adults, where they rely on
one leg during stair negotiation. Furthermore, deploying the
model on a smartphone can promote its practical application
in home-based health monitoring systems, particularly for
older adults with mobility limitations or NAL patterns during
SN (NAL-SN pattern). The contributions of this paper are
listed below:
• Development of a lightweight HARmodel optimized for
real-time application deployed on a smartphone by using
minimal but meaningful biomechanical features.

• Utilization of lower-limb biomechanical features for
training the model with accurate activity recognition
using ML algorithms and minimizing computational
cost.

• Training the model on young adults and testing it on
young and older adults to assess its generalizability.
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• Implementation of the NAL-SN pattern by training the
model with the NAL-SN patterns of young adults and
deploying it for older adults with this condition.

The lack of models for older adults impedes deploying
HAR systems for health monitoring applications. A HAR
system that accounts for the movement limitations of older
adults can be used in wearable devices for gait training [45],
[46], [47] as well as for daily activity monitoring in the
users’ natural and functional settings such as the home.
This work bridges the gap between advanced HAR research
and practical applications for older adults, offering a robust
data-efficient solution for real-time implementation.

II. METHOD
A. PARTICIPANTS
A total of 25 participants were recruited for the study, divided
into young and older adult groups. The inclusion criteria
for recruiting participants were the ability to walk (W) and
stair negotiation (SN) independently for about 15 minutes,
while using handrails for assistance was permitted. Exclusion
criteria included diagnosed neuromuscular diseases (e.g.,
Parkinson’s disease, stroke, multiple sclerosis, etc.), cognitive
impairment, or cardiopulmonary disease. Participants were
further divided into subgroups for training and testing the
model described below:

• Group 1 (young normal training group): 10 young adults
(5 females, age: 24.4 ± 3.6 years) were recruited to
collect data to train the system with regular W and SN
patterns.

• Group 2 (young normal testing group): 5 additional
young adults (3 females, age: 31.2± 5.9 years), different
from participants in Group 1, were recruited for testing
the model trained by Group 1. These participants
followed regular W and SN patterns.

• Group 3 (young non-alternating leg (NAL) training
group): The same participants from Group 1 (i.e., young
participants for model training) were recruited again
to expand model training by including the NAL-SN
as observed in older adults. The participants were
instructed to ascend and descend stairs using only one
of their legs as the leading leg as opposed to the normal
alternating pattern, in which both legs take turns to lead.

• Group 4 (young non-alternating leg (NAL) testing
group): The same participants from Group 2 (i.e.,
young participants for model testing) were instructed to
perform SN with the NAL pattern to test the extended
model trained by Group 3’s data.

After completing the training and testing phases with young
adults, older adult participants were recruited in the following
groups to test the robustness and applicability of the models
across different age groups and NAL-SN patterns.

• Group 5 (older normal testing group): 6 older adults
(3 females, age: 75.8 ± 6.7 years) performed regular
walking and SN.

• Group 6 (older non-alternating leg (NAL) testing group):
4 older adults (2 females, age: 72.7 ± 4.3 years)
performed NAL-SN and regular W.

In total, 25 participants were involved in the study: 15 young
adults (10 for model training and 5 for model testing)
and 10 older adults for model testing. The same young
participants, either for training or testing, contributed to
both normal and NAL trials. The study was approved
by the University of Maine Institutional Review Board
(IRB protocol number 2019-0-15). All participants provided
written informed consent before participation.

B. FEATURE SELECTION
The primary aim of this study was to develop a model
capable of classifying and detecting functional mobility
tasks with minimal data and computational cost and lim-
ited available data, making it applicable to individuals of
different ages. This study focused on five key activities:
standing (ST), sitting (SI), walking (W), and stair ascending
(SA)/descending (SD). Data were collected using IMUs to
enable real-time classification. Previous studies, such as the
work by Cheng et al. [41], utilized a single IMU on the
thigh combined with a force-sensitive resistor (FSR) to detect
heel-strikes for window segmentation. Then, the maximum
thigh angle was identified as a critical feature for detecting
transitions between activities. Inspired by this approach, our
study utilized two IMUs on one leg: one placed on the front
side of the thigh and the other on the back of the shoe as shown
in Fig. 1 (a).

To extract features for classification, four biomechanical
features shown in Fig. 1(b) were selected: max thigh angle
(θMaxT ), min thigh angle (θMinT ), max foot angle (θMaxF ),
and min foot angle (θMinF ) from the thigh and the foot
IMUs during each activity cycle. Fig. 2 demonstrates the
biomechanical features during standing (ST), walking (W),
stair ascending/descending (SA/SD), and sitting (SI). These
features were selected based on both their biomechanical
relevance and statistical separability. The maximum thigh
angle captures peak hip flexion, which significantly increases
during stair ascent, while the minimum thigh angle reflects
postural depth, especially relevant during stair descent.
The minimum foot angle corresponds to the toe-off event
and often changes sign depending on the activity, and
the maximum foot angle aligns with heel-strike. Moreover,
our statistical analyses, presented in the results section,
showed that thigh angle features differed significantly
across activities and foot angles during walking and stair
negotiation. These features had low overlap, supporting their
discriminative power for use in the model. They allowed the
system to remain lightweight, minimizing computational cost
while preserving the accuracy of the model.

C. SEGMENTATION
To process the streamed data from the IMUs, window-
ing techniques are essential for segmenting the data into
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FIGURE 1. (a) Placement of thigh and foot IMU on a participant showing the connection of the IMUs to the developed Android system application with
Bluetooth and (b) the complete cycle of stairs ascending (SA) from the toe-off moment as the criteria for segmentation for the next toe-off with showing
the location of the IMUs.

FIGURE 2. The thigh and foot angles during the standing (ST), sitting (SI),
walking (W), and stair ascending/descending (SA/SD). For a clearer
demonstration, a 4th-order Butterworth low-pass filter with a 6 Hz cut-off
frequency was used [48].

meaningful intervals for analysis. These techniques can be
categorized as either fixed or adaptive, depending on the
requirements of the model. Fixed windowing segments
the data based on a predefined time length, streaming
the collected data with a specified overlap. The fixed
window size can lead to inaccuracies when the activity has
different duration times as well as transition moments of the
activities [49], [50]. Furthermore, a significant limitation of
fixed windowing is its time latency, as the processing of
captured data can only begin once the window reaches its
full length. Although fixed windowing is commonly used in
recent studies, particularly in models employing CNNs for
real-time activity detection, it is less suitable for applications
requiring the fastest possible processing [51]. Therefore,
adaptive windowing, which allows for faster segmentation by
dynamically closing windows based on specific criteria, was
selected for this study.

The efficacy of adaptive windowing depends on the appro-
priate segmentation criterion. In level walking experiments,
heel-strike and toe-off are important events for evaluation of
the movement [52]. The heel-strike moment is typically used
as the segmentation criterion. However, our analysis revealed
that during SN, particularly SA, the heel-strike moments
were less distinct and harder to detect due to fluctuations
and the presence of local peaks in both thigh and foot IMU

FIGURE 3. Fluctuations and the presence of local peaks in thigh and foot
angles, showing the real minimum foot value as the criteria for adaptive
segmentation.

readings, as shown in Fig. 3. While some studies, such as
Chinimilli et al. [43], have used the maximum thigh angle
as the segmentation criterion; however, our study found that
the toe-off moment, corresponding to the minimum foot
angle or (i.e., the maximum foot dorsiflexion) provided a
more reliable and consistent basis for segmentation. This
approach was particularly effective in detecting W and SN
activities, ensuring accurate and timely segmentation even
under challenging conditions. The toe-off was considered
both the criterion for segmentation and a feature for the
classification.

Fig. 3 demonstrates the thigh angle (TA) and foot angle
(FA) during W and SD, highlighting the fluctuations inherent
in these movements. Due to the nature of these activities,
numerous local peaks exist for both the maximum and
minimum values, making it challenging to identify the true
peaks. For example, during SA, the pattern of the heel-
strike, defined by the maximum FA, differs significantly from
normal W, making heel-strike unsuitable as a criterion for
segmentation. Conversely, toe-off, defined by the minimum
FA, exhibits local variations and fluctuations, but specific
criteria can help distinguish the actual toe-off from these local
peaks. These criteria are informed by experimental data and
previous studies on the biomechanics of walking and stair
climbing:

1) The first criterion ensures that consecutive toe-off
events are separated by aminimum time threshold set at
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0.4 s in this study. This value accommodates the typical
movement cycle of both young and older adults who
can W or SN independently.

2) The second criterion considers the biomechanics of toe-
off, requiring the angle at this event to exceed a specific
threshold. In this study, the threshold was set at −30◦,
ensuring the detected peak aligns with the expected
range for toe-off in walking and stair climbing. These
criteria collectively improve segmentation accuracy by
minimizing the detection of local fluctuations.

The process for selecting the threshold values used in the
segmentation criteria is detailed in Appendix A, including
the empirical analysis and statistical validation supporting
their selection. These adaptive segmentation criteria were
only used for W and SN; given that there are no toe-off
moments during SI and ST, a sliding window was used as
a technique for segmentation. Because SI and ST are static
poses of the body, the disadvantage of using sliding windows
did not impact the results. The window length was 0.5 s [53].
In each window, while standing and sitting, the max and min
values should be almost the same for the thigh and foot.

D. DATA COLLECTION
Using the adaptive segmentation technique based on toe-off
for W and SN as well as fixed windowing for ST and
SI, the maximum and minimum values of the foot and
thigh angles (θMaxT , θMminT , θMaxF , θMinF ) were extracted for
each segmented window. These features capture the essential
biomechanical patterns of the activities while minimizing
computational complexity. The features during a cycle of SN
are demonstrated in Fig. 1 (b), where the IMUs can be on the
left or right leg. As visualized in a three-dimensional space
in Fig. 4, the resulting point clouds displayed the relationship
between the maximum and minimum values of TA and the
minimum value of FA across different classes of activities.
Each activity formed distinct clusters in this space with
boundaries that were separable. This distribution highlights
the discriminative power of the selected features, confirming
their suitability for classification. The distinct separation of
activities in the feature space underscores the robustness
of the approach and its potential for accurate activity
recognition across a range of daily tasks. The visualization
proves the feature selection process, demonstrating how these
biomechanical metrics inherently differentiate the activities
under study.

E. CLASSIFIERS
Due to the simplicity of the one-dimensional feature space
derived from four values in each segmented window of
IMU stream data, heuristic feature-based machine learning
algorithms were utilized. For offline training, KNN, LDA,
SVM, and NB classifiers were implemented. The training
process was conducted offline using Google Colab and
the Scikit-learn library. After evaluating the accuracy of
each model, the algorithm with the best performance was

FIGURE 4. Two views of three-dimensional cloud for max and min of
thigh angles (TA) as well as min foot angle (FA), [θMax

T , θMin
T , θMax

F , θMin
F ].

These features represent key gait characteristics that were extracted from
IMUs and are used to train the model to classify the activities.

selected for real-time deployment. The real-time model was
implemented on an Android system using a smartphone
shown in Fig.1(a). Deployment on the Android Studio
platform required manual integration of the chosen classifier
by defining its logic in Java. This approach ensured the model
could function efficiently in a real-time mobile environment.

F. RECOGNITION MODEL LOGIC
The model’s logic is outlined in Algorithm I. It includes two
windowing techniques: an adaptive window for real-time data
streaming from the foot and thigh, and a fixed-length smaller
window to detect the exact toe-off events. The adaptive
window started storing the data when a toe-off was detected
and closed the window at the next toe-off, meanwhile the
collected data was analyzed to extract the maximum and
minimum values for the classification (see lines 6-10 in I).
The fixed-length window of seven samples (captured at 60 Hz
covering a duration of approximately 116ms) was used to
detect toe-off within the adaptive window. As shown in Fig. 3,
the criterion for toe-off detection required that the middle
sample in this window to be the minimum and fall below
a predefined threshold, as described in Section II-E. The
index of IMU data served as the timing reference. To ensure
sufficient separation between consecutive toe-off events, the
detected index needed to meet a minimum threshold distance
from the previous one (see Section II-C). When a toe-off
was detected, the middle array’s sample for the foot data was
marked as the new toe-off index. Otherwise, if the detected
value was a local peak or regular data point, the foot and thigh
angles were stored in the adaptive window for segmentation
(see lines 1-5 in Algorithm I).

G. NON-ALTERNATING LEG (NAL) MODEL
The SA and SD are activities that often pose challenges
for community-dwelling older adults. Over time, they may
struggle to perform these tasks as smoothly as healthy young
individuals. When older adults encounter difficulties with
stair climbing, theymay rely on handrails for support or adopt
an alternative strategy to maintain balance, such as avoiding
alternating their legs during climbing. Instead, they may use
a single leg as the ‘‘lead leg’’ to ascend or descend stairs [54],
[55].
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Algorithm I Recognition Model Logic

Input: θnewT and θnewF as the current sample of thigh and foot angles
Output: Recognized activity
Initialize:
• Streaming IMUs data at 60 Hz
• Creation of seven variables to find toe-off:

[
θ1F . . . θ7F

]
• Creation of arrays for windows of samples: W̄T , W̄F
• Ind(θ toe−offF )= 0

1: Streaming data for thigh and foot: θnewT , θnewF

2: θ i−1F ← θ iF for i= 2 to 7 and θ7F ← θnewF

3: if θ4F < θ iF , and θ4F < AngleThreshold,

and |Ind(θ4F )− Ind(θ
toe−off
F )|> TimeSeparationThresholdIndices then

4: # θ4F is the toe-off moment for closing the windows

5: Ind(θ toe−offF )= Ind(θ4F )

6:
[
θMax
T θMin

T θMax
F θMin

F

]
← Find max and min values ofWT and WF

7: Recognized activity← Classifier (θMax
T ,θMin

T ,θMax
F ,θMin

F )

8: Clear W̄T and W̄F

9: else

10: W̄F
append
←−−−− θnewF and W̄T

append
←−−−− θnewT

11: end if

12: Return Recognized activity

Given that this study’s objective was to develop a robust
activity recognition model, it was essential to ensure the
system could accommodate older adults with normal W and
SN patterns as well as abnormal SN patterns. Therefore,
in addition to the primary activities (i.e., standing, sitting,
stair ascending, and stair descending) two additional activ-
ities were incorporated to enhance the model’s robustness:
non-alternating legs stair ascending (NAL-SA) and descend-
ing (NAL-SD), where one leg consistently led.

With this expanded scope, an important question was:
on which leg should the IMUs be placed? Should they
be positioned on the lead leg, responsible for most of the
movement, or on the trailing leg? Answering this question
necessitated revisiting the segmentation criteria for the IMU
data, as segmentation is a critical factor for effective data
analysis and accurate activity detection. By thoroughly
examining the segmentation process, we aimed to determine
the IMU placement for reliable classification across different
SN patterns. Fig. 5 shows an example of NAL-SA pattern
where the left leg is the leading one. However, the IMUs are
located on the right leg as the trailing one.

To evaluate the placement of the IMUs and the changes in
thigh and foot angles during NAL pattern, the participants in
group 3 were first instructed to avoid alternating their legs
during stair negotiation, with the IMU placed on the leading
leg. The results of this setup are presented in Figs. 6(a), (c) .
In the second trial, the IMUs were placed on the trailing
leg, with the results shown in Figs. 6(b), (d) . The undesired
local peak values of the foot angle are more noticeable
when the IMUs were placed on the leading leg (Figs. 6(a),
(c)). While offline analysis can effectively filter out these

FIGURE 5. Non-alternating leg (NAL) pattern for stairs negotiation (SN)
showing the left leg is the leading side and the IMUs are located on the
right leg as the trailing one.

local peaks for segmentation, the real-time detection of
the toe-off, as the minimum foot angle, was less accurate
with IMU on the leading leg. The trailing leg’s patterns
during NAL-SN are similar to the patterns during normal
SN (Figs. 6(b), (d) ). Unlike the leading leg, which deviated
from the normal movement patterns to establish a new stable
climbing strategy, the trailing leg maintained movement
characteristics similar to normal climbing. Fig. 7 illustrates
the cloud of points representing the features when the IMUs
were placed on the trailing leg during NAL-SN. Overall, for
non-alternating leg stair climbing, the IMUs should be placed
on the trailing leg, given this reduces the inaccuracies in real-
time segmentation.

Compared to Fig. 4, there is a greater overlap between
clouds for the features, particularly normal SA and NAL-SD
patterns. However, the clusters remain sufficiently distinct to
be separable by a well-fitted classifier model. The observed
increased overlap between NAL and normal feature clusters
(compared to Fig. 4) is expected for a lower classification
accuracy for the NAL patterns model compared to the
normal patterns model, particularly for NAL-SD detection.
Nonetheless, the system was still expected to differentiate
between normal and NAL patterns while identifying the
movement type as either SA or SD.

H. DEPLOYMENT OF THE MODEL
To design the system and collect data, the Movella (Xsens
Technologies B.V., Enschede, The Netherlands) IMU SDK
was used to program an Android-based environment on a
smartphone. A Google Pixel 6a (Google LLC, Mountain
View, CA, USA) was chosen as the device for development.
The process started by creating software to collect raw
IMU data. Once collected, the raw data were processed
in MATLAB (MathWorks Inc., USA, 2024) to segment
windows, and the resulting data were prepared for classifier
training. The classifiers were trained using Python in Google
Colab (Google LLC,Mountain View, CA, USA), and the best
model was selected. The model’s coefficients were extracted
and implemented into a real-time system on the smartphone.
For the second phase of smartphone application development,
the classifier was coded in Java, incorporating all the criteria
necessary to detect peak values and identify toe-off moments.
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FIGURE 6. Variations in foot and thigh angles during non-alternating leg
stair ascending (NAL-SA) and descending (NAL-SD) within the offline
segmented window, cycle-based on toe-off moments, indicate a higher
occurrence of local peaks in the lead leg-mounted IMU. This suggests that
mounting the IMU on the lagging leg is a better choice, as it enhances
real-time segmentation accuracy.

FIGURE 7. Three-dimensional cloud for max and min of thigh angles (TA)
as well as min foot angle (FA), [θMax

T , θMmin
T , θMax

F , θMin
F ] for all activities

with also non-alternating stairs negotiation (NAL-SN). Greater overlap is
observed among the activity clusters compared to the normal-only
dataset, which is expected to contribute to the reduced classification
accuracy in the NAL-SN condition.

These features were used to segment the streamed IMU
data in real-time. The application allowed real-time testing
with participants, displaying activity detection results during
experiments. Upon completing an experiment, the application
generated a confusion matrix to report the system’s accuracy
for each participant. An example of using the real-time model
with a participant is depicted in Fig. 8.

The computational cost and processing delay are critical
for real-time applications. The manual implementation of the
classifier in Java on the Android system ensured efficient
performance. Once a segmented window was created and
the four features (θMaxT , θMminT , θMaxF ) were extracted, the
classifier was called, resulting in a processing delay of just
2ms. Detecting toe-off, a key factor for the classifier, required
50ms due to the IMU’s 60Hz sampling frequency. Therefore,
the total processing time, including data segmentation and
activity classification, was approximately 52ms. This means
that when a participant transitions from walking to stair
climbing, the system identified and displayed the new activity
within 52ms. This processing time is acceptable for real-time
activity monitoring systems given the reported values of

FIGURE 8. An example of using the developed app for data collection and
a participant while the real-time model could recognize the activity.

80ms [43] and 240ms [56] in the literature. This quick
response demonstrates the system’s suitability for real-time
monitoring of movement activities.

Regarding the error of the IMUs, the Movella DOT
internally fuses accelerometer, gyroscope, and magnetometer
signals using a Kalman filter. It provides orientation accuracy
of 0.5◦ RMS for inclination and 1.0◦ RMS for heading
under static conditions, and 1.0◦/2.0◦ RMS for inclination
and heading, respectively, under dynamic conditions. Signal
quality was further evaluated using Signal-to-Noise Ratio
(SNR) (see Appendix B), in which SNR values were
consistently above 25 dB across all participants and activities,
indicating high-quality signals [57].’’

III. EXPERIMENTAL DESIGN
A. LOCATION DESCRIPTION
The experiments were carried out in two indoor environments
on the University of Maine campus. These locations were
chosen because they closely resemble everyday home- and
community-based settings that people encounter, making
them ideal for simulating real-life activities. The selected
environments facilitated the targeted activities, including stair
climbing, sitting, level walking, and ramp walking, to ensure
the model’s robustness in detecting walking modes. Both
the training and testing phases of the study were conducted
within these locations.

The locations’ information is presented in Table 1.
Location 1 path was a closed-loop route, beginning with
level-ground walking from a designated starting point.
Participants walked approximately 3m on level ground
before reaching a staircase. The staircase consisted of
28 steps, organized as two sets of 14 steps, with a landing
in between. Each step measured 31 cm in width and 17 cm
in height. Participants ascended to the second floor, walked
about 22.5m on level ground, and then descended the
same staircase back to the first floor. After descending,
participants walked another 47m back to the starting point.
Additionally, a lobby area with seats was included for the
sitting experiment.

Location 2 included a closed-loop route with a ramp
segment. Walking up and down the ramp was included to
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TABLE 1. Information and dimensions of the experiment locations.

classify them as a walking activity and differentiate them
from other activities such as stair negotiation. Participants
started with level-ground walking and then transitioned to
a ramp segment. The ramp was approximately 15m long
with a 4◦ incline. Following the ramp, participants ascended
a staircase consisting of 22 steps, arranged as two sets of
11 steps with a turning spot in between. The steps in this
staircase were slightly different than the ones in location 1,
measuring 31 cm in width and 17 cm in height. After
ascending, participants immediately turned back, descended
the stairs, and continued walking on level ground to return
to the starting point. This location also included seating to
facilitate sitting activities.

These two environments were chosen to provide a diverse
and realistic condition for the experiment. The first location
offered a typical staircase-focused setup, while the second
location introduced a ramp segment to evaluate the system’s
ability to distinguish rampwalking from other activities. Both
locations enabled adequate data collection for training and
testing the activity recognition system in a controlled real-
world setting.

B. OFFLINE EXPERIMENT
The offline experiments were considered as the data collec-
tion for training the model and evaluating the classifier in
the offline mode with the collected data. Groups 1 and 3,
consisting of young adults, participated in experiments to
collect biomechanical data and train the model. Both groups
completed trials in both locations. In location 1, group 1 was
instructed to complete four rounds of a predefined activity
loop. This loop included standing still for a few seconds
to initialize the IMU values, W, SN, and finally sitting on
a standard chair for about 60 s. A similar procedure was
followed in location 2, with the key difference of including
walking on a ramp to collect data for walking on inclined
surfaces. Group 1 repeated the activities for four rounds in
this environment.

The main difference for group 3 was during the SN phase.
Participants were asked to use the NAL patterns, relying
on a single leg for both SA and SD. They were first asked
to identify their leading and trailing legs and were then
instructed to maintain it throughout the activity. The IMUs
were placed on the trailing leg according to the criteria
outlined in section II-G. Participants could use handrails for
support if needed and could take a break at any point during
the experiments to ensure their comfort and safety. For both

groups, participants were asked to complete the four activity
loops with varying speeds. During the first two rounds, they
maintained a normal W and SN pace, while for the final two
rounds, they increased their speed. This approach could help
collect data across different activity speeds, enhancing the
robustness and adaptability of the model.

During the training sessions, data were collected through
a custom application with buttons corresponding to each
activity to label the activities for training the model.
An operator, maintaining a safe distance to avoid distracting
the participant, used these buttons to annotate the IMU data
stream in real-time. The operator pressed the corresponding
button at the beginning of each activity and released it at
the end, signaling the transition to the next activity. While
there were no time limits for each activity, efforts were made
to collect sufficient data to ensure a complete dataset for
training. Each button press appended specific indices to the
streaming IMU data, which were later saved as CSV files for
offline processing and experimental validation.

C. REAL-TIME EXPERIMENT
The real-time experiments were designed to test the trained
model and evaluate its accuracy in detecting activities.
Groups 2 and 4, consisting of young adults, participated in
this test and completed the experiments in both locations.
Group 2 was asked to perform the activities in a loop
four times in each location, following the same procedures
as described in the previous section. Similarly, Group 4
completed the same loops but with a focus on NAL patterns.
To test the model’s performance across different activity
speeds, the first two loops were conducted at a normal speed,
and the remaining two were performed at a faster speed.

For Groups 5 and 6, consisting of older adults, additional
accommodations were made to prioritize their safety and
comfort. To ensure the participants could complete SA and
SD independently, the Functional Gait Assessment (FGA)
[58] was completed. The FGA consists of 10 test items, each
scored from 0 (severe impairment) to 3 (normal ambulation),
for a total maximum score of 30 [59]. The scores reflect a
range of mobility levels and were used to invite participants
who could negotiate stairs independently.

All tests for groups 5 and 6 were conducted in location 2.
To minimize fatigue, participants could stop the session at
any time if they felt tired or unable to continue. Ideally,
they were asked to complete three loops of the activity
sequence, but if they felt capable, they were encouraged to do
additional rounds to provide more data for the study. Group 5
performed the activities, including level W, ramp W, and SN,
at a normal speed for the first two loops and a faster speed
for the final loop. Group 6 followed a similar procedure but
with the additional step of selecting a preferred leading leg
for SN. IMUs were placed on their trailing leg. Handrails
were made available for their safety, and two team members
accompanied them during the activities: one walked ahead,
one followed closely behind, and a third operator managed
the smartphone application to run the test.
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TABLE 2. Group of participants’ information and physical characteristics.

To evaluate the accuracy, the developed application
detected the predicted activity in real-time during the test. The
operator manually labeled each activity using the smartphone
application as a reference, similar to the offline experiment.
The program compared the predicted label with the true label,
counting a match as correct and a mismatch as incorrect.
Regarding the prediction delay, as noted in section II-H, the
application detected the activity with a 52ms delay after a
transition to a new activity, while the operator was instructed
to promptly label the new activity as soon as it was observed.
The application completed the comparison of the results,
and the final results of that participant were reported after
completing the experiment.

IV. RESULTS
A. PARTICIPANTS
The participants’ information, including the ratio of sex,
age, height, and body mass for each group explained in
section II-A are presented in Table 2. The FGA scores for
Group 5, consisting of six participants, were 28, 30, 26,
26, 13, and 25. All participants in this group were able
to SN with leg alternation. However, the FGA scores for
Group 6, comprising four participants, were 27, 19, 20, and
22. Participants in this group were instructed to follow the
NAL pattern for SN.

B. BIOMECHANICAL FEATURES
The mean and standard deviation of the features including
θMaxT , θMminT , θMaxF , and θMinF in each segment for all activities
across the groups are presented in Table 3. The classification
model’s performance in offline and real-time modes was
based on these features, where the differences between the
activities are apparent from the values.

C. STATISTICAL ANALYSIS
The goal of statistical analysis was to determine how the
biomechanical features, as the dependent variables, changed
across different activities of W, SA, and SD and for the

TABLE 3. The biomechanical features for each group reported as mean
and standard deviation.

two age groups (the independent variables). Mixed-effect
repeated Measures ANOVA (Analysis of Variance) with a
significance level of α = 0.05 was performed using SPSS
v29 (SPSS Inc., Chicago, IL, USA). The within-subjects
factor was the type of activity (i.e., W, SA, and SD), the
between-subjects factor was age group (i.e., young adults in
group 1 and 2 and older adults in groups 5 and 6), and the
interaction between the two factors (i.e., activity × age) was
also considered. For the statistical analysis, we only used the
normal pattern of SN.

Fig. 9 shows the bar plots of the dependent variables
of θMaxT , θMinT , θMaxF , and θMinF . Significant differences were
found for θMaxT (F(2,23) = 278.78, p < 0.001, η2 = 0.924),
θMinT (F(2,23) = 322.65, p < 0.001, η2 = 0.933), θMaxF
(F(2,23) = 520.87, p < 0.001, η2 = 0.980), and θMinF
(F(2,23) = 163.09, p < 0.001, η2 = 0.921) across the three
activities, W, SA, and SD. Post-hoc analysis revealed that for
all the dependent variables (θMaxT , θMinT , θMaxF , θMinF ), there
were significant differences between the W and SA as well
as the W and SD (p < 0.001). For θMaxT , θMinT (p < 0.001),
and θMinF (p= 0.004), there were also significant differences
between the SA and SD; however, there was no significant
difference between the SA and SD for θMaxF .

The main effect of age (young vs. older adults) was not
statistically significant, but this does not imply that age had
no influence. Significant interaction effects between age and
activity were observed. Differences between older and young
adults were found in θMaxF and θMinF in the W activity (p =
0.015 and p<0.001) as well as for θMaxF in the SD activity
(p= 0.016).

D. OFFLINE EXPERIMENT
The offline experiment was designed to collect data and
train the classifiers. The total number of sample data points
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FIGURE 9. The bar plots of the biomechanical features across three
different activities and for the young- and older-adult participants, with
error bars showing standard deviations.

collected during the experiments is summarized in Table 4.
Each sample corresponds to a segmented window of activity.
For dynamic activities like SN and W, segmentation was
performed based on toe-off moments, which served as the
criteria for defining windows. The static activity examples
like standing and sitting, a fixed window size of 0.5 s was
applied for segmentation.

Four classifiers were chosen for training and testing with
the offline dataset: SVM, LDA, NB, and KNN. The dataset
was split into a 70% training and 30% testing setup, and
the results in terms of accuracy are presented in Table 5.
Initially, the classifiers were trained using only θMaxT , and θMinT
within each segmented window, as the importance of using
the thigh angles in HARwas reported in previous studies [41],
[42]. As shown in Table 5, the KNN classifier achieved the
highest accuracy of 92.03%. However, this level of precision
was insufficient for real-time implementation as the features
from the thigh were not enough to give sufficient information
for satisfactory performance. To improve the performance,
features from the foot were included in the training set. The
inclusion of these features significantly enhanced the level
of classification precision. The classifiers were shown to
achieve the following accuracies: 99.90% (SVM), 99.79%
(LDA), 100% (NB), and 100% (KNN). While the 100%
accuracy achieved by NB and KNN is promising, this result
should be interpreted with caution due to the small training
sample (10 young adults for training the model), which may
lead to optimistic estimates and potential overfitting.

Both the NB and the KNN classifiers performed well and
make them ideal candidates for real-time implementation.
In normal activity mode, during which young adults climbed
stairs with regular alternating leg movement, the classifiers
achieved near-perfect accuracy. In the NAL pattern, however,
the classifiers were less precise with more overlap between
the feature clouds for normal and NAL-SN. In the NAL
pattern, classifiers trained with the features from the thighs
were less efficient. The NB classifier was the best in this
context. However, when features from the feet were added,

TABLE 4. Sample data as the segmented window for each activity.

TABLE 5. Results of accuracies of the classifiers as the offline testing of
the model.

the KNN classifier performed better, achieving an accuracy
of 96.64%. While this was lower than in normal mode, it was
still acceptable for practical use. Considering the results
from both normal and NAL patterns, the KNN classifier was
selected as the most practical for implementation in the real-
time application. With a very high rate of accuracy in both
activity modes and ease in implementation, it was the best
option for the smartphone application that was developed.

E. REAL-TIME EXPERIMENT
The KNN classifier was deployed in the application to
evaluate the real-time performance of the developed app for
activity detection. The confusion matrix for all activities
performed by group 2 (young adults) is presented in Fig. 10.
The detection accuracy for walking reached 100%, while
errors were more often during the SA, where the model
occasionally confused it with SD. The overall detection
accuracies for standing, walking, stair ascending, stair
descending, and sitting were 99.8%, 100%, 97.2%, 98.8%,
and 99.8%, respectively. For the non-alternating leg (NAL)
pattern of SN, the confusion matrix for detection accuracy
is shown in Fig. 11. Since the NAL model focuses on
differentiating between the normal pattern and the NAL
pattern of SN, only stair-related activities were used for
evaluation. The detection accuracies for stair ascending, NAL
stair ascending, stair descending, and NAL stair descending
were 95.0%, 94.0%, 96.68%, and 93.3%, respectively.

The performance of the model was also analyzed for
older adults (group 5) performing normal activity patterns
as illustrated in the confusion matrix in Fig. 12. Similar
to young adults, detection of walking was perfect in terms
of accuracy. ST, W, SA, SD, and SI were detected with
detection accuracies of 100%, 100%, 98.3%, 99.3%, and
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FIGURE 10. Confusion matrix for stand, sit, walk, stairs ascend, and stairs
descend for group 2 with young adults with normal patterns of W and
SA/SD.

99.7%, respectively. To evaluate the robustness of the model
in detecting the NAL pattern in older adults, the confusion
matrix is illustrated in Fig. 13. Similar to Fig. 11, stair-related
activity alone was utilized in this study. Normal ascending
and descending stairs were detected with detection accuracies
of 95.3% and 93.9%, respectively, while NAL-SA and NAL-
SD were detected with detection accuracies of 93.6% and
92.1%, respectively. These results illustrate the detection
accuracy of the model in various age groups and activity
patterns with particularly robust detection in discriminating
between normal and NAL-SN patterns.

F. PARTICIPANT WITH NAL
One participant with leg (NAL) pattern participated in our
study, whose data were not included in the final results
in Fig. 13. They had Osteopenia and a toe injury, making
them utilize their left leg as the leading leg during SA
and the right leg during SD consistently. Due to their
condition, data collection during SD was not feasible. The
model demonstrated high accuracy in detecting SA, correctly
classifying 20 out of 21 collected samples (95.2%), with only
one misclassification as normal SD. In addition, for ST, SI,
and W, the model was perfectly correct (100%), accurately
classifying all data samples.

V. DISCUSSION
A. BIOMECHANICS FEATURES
Statistical analysis revealed no significant differences in
the selected biomechanical features between older and
young adults across activities. This finding can explain the
applicability of the model trained and created by young
adults to older-adult participants. The analysis of activity ×
age interaction term showed significant differences between
young and older adults in θMaxF and Min

F for the W and Max
F for

the SD conditions. However, themodel still maintained a high

FIGURE 11. Confusion matrix for stairs ascend and descend for group 4
with young adults to have a non-alternating leg (NAL) pattern of SA/SD
and comparing them to normal patterns.

FIGURE 12. Confusion matrix for stand, sit, walk, stairs ascend, stairs
descend for group 5 that included older adults with normal patterns of W
and SA/SD.

level of accuracy for older-adult participants, demonstrating
its feasibility for implementation in this population. The
foot features (MaxF and Min

F ) significantly changed during stair
negotiation (SA and SD) compared to walking (W); however,
a significant difference between the SA and SD was only
observed in θMinF . As previously reported [41], [42] and
confirmed in this study, the thigh features of Max

T and Max
T

played a crucial role in the activity detection model as they
both significantly changed across the three activities of theW,
SA, SD. Thus, the statistical results suggest that combining
thigh and foot features enhances the model’s robustness,
improving its accuracy in distinguishing the three activities.

B. OFFLINE EXPERIMENT
Offline experiments were conducted to assess the model’s
performance using data collected from young adult groups
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FIGURE 13. Confusion matrix for stairs ascend and descend for group 6
that included older adults with a non-alternating leg (NAL) pattern of
SA/SD and comparing the results with the normal patterns.

performing walking, sitting, standing, and both normal and
non-alternating leg patterns during stair negotiation. The
KNN and NB classifiers achieved 100% accuracy across all
the activities’ test data for the normal SN patterns. While
these results are promising, they are based on a relatively
small sample size, and the classifiers’ accuracy may decrease
with a larger and more diverse population. In particular, the
perfect accuracy may reflect optimistic performance due to
potential overfitting to the small training set. Our dataset
of ten young participants, with sufficient activity duration
and variability in physical attributes such as height, weight,
and gender, provided a reasonable foundation for training the
model applicable to older adults.

The results also indicated that using solely the thigh
features was insufficient for achieving acceptable accuracy.
Incorporating additional features from the foot significantly
improved the performance, demonstrating that a combination
of thigh and foot data with simple max and min variables
could successfully detect the intended activities. We found
that using fewer features reduced the model’s accuracy,
particularly for real-time applications, while adding more
features would increase computational cost without substan-
tial benefits. Thus, the selected features could achieve a
balance between computational efficiency and classification
performance.

For the NAL patterns, the offline results demonstrated
that the model remained effective with the selected features.
Although the accuracy for detecting NAL-SA activities was
lower than that of normal activities, the reduction was
relatively modest. For example, the accuracy of the KNN
classifier decreased by 3.36% (from 100% to 96.64%), while
the accuracy of the NB classifier decreased by 3.79% (from
100% to 96.21%). These reductions were anticipated due to
the increased overlap between the data points representing
normal SN and NAL-SN, particularly for descending stairs.
It should be noted that while larger population data sets

may decrease the classification accuracies, the current sample
provides sufficient variability in movement patterns and
physical characteristics to validate the model. Overall, the
model could successfully classify SN activities, including
the NAL-SN patterns, which makes it applicable for older
adults who demonstrate non-alternating stair negotiation.
Although all classifiers performed similarly (see Table 5),
the KNN classifier was selected for real-time deployment
due to its slightly better performance and straightforward
implementation.

C. REAL-TIME EXPERIMENT
New participants (groups 2 and 4) were recruited to test
the developed models in the real-time experiments. The
confusion matrix in Fig. 10 demonstrates high performance
of the classifier for group 2 in detecting normal W and
SA patterns. Walking was detected with 100% precision,
with no misclassification in differentiating walking and stairs
negotiation. Most errors were observed in SN due to the
confusion between ascending and descending stairs, however,
these errors were negligible (2.8% and 1.2% for SA and
SD, respectively). The errors are due to the similarities of
the thigh features during SA and SD activities. A single
instance of confusion occurred between sitting and standing.
This misclassification may stem from variability in sitting
postures, where the thigh and foot angles can overlap with
ST leading to the observed error.

For young adults simulating NAL-SN, observed in some
older adults or those with disabilities, the model achieved an
overall accuracy of 94% as shown in Fig. 11. As was expected
in the Method Sec II-G, the accuracy for NAL patterns model
is lower compared to the normal patterns model because
of the overlap between NAL and normal features clusters
(Fig. 7). The ability to distinguish between normal and NAL
patterns was evident for both the SA and SD, however, the
classifier performance was slightly better for the SA. These
results highlight the model’s robustness in detecting distinct
SN patterns, even under NAL conditions. The most repetitive
error with the model was the confusion of the NAL-SD with
NAL-SA. As the model’s ultimate goal is implementation
for older adults, group 5 results provided further validation.
Despite variability of older-adult participants’ FGA scores
(ranging from 13 to 30), the model achieved an acceptable
accuracy of 99.5% (see Fig. 12). While this suggests that the
classifier can detect activities across a range of FGA scores,
correlation analysis revealed no statistically significant trend
between FGA score and model accuracy (r = 0.30, p =
0.55). Moreover, the participant with the lowest FGA score
(13) achieved a comparable accuracy (98.7%) to those with
higher scores. Nonetheless, given the limited sample size,
these results should be interpreted with caution, and further
validation in larger and more clinically diverse populations,
particularly those with low FGA, is recommended.

For group 6, which included older adults instructed to
mimic NAL-SN, the model achieved an overall accuracy
of 94% (Fig. 13) similar to group 4 results with young
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participants performing the same tasks. Similarly, the main
errors were due to the confusion between the normal and
NAL stair negotiation tasks, i.e., the misclassification of
the NAL-SD and NAL-SA with normal SA and SD. These
similarities indicate that the age group did not affect the
accuracy of detection for the NAL movements. The results
demonstrate the model’s applicability for older adults and
its ability to handle complex NAL-SN movements during
real-time activity detection. It is worth noting that the model
successfully distinguishes between normal and NAL SA and
SD. However, distinguishing between different activities,
regardless of pattern type, could be performed with greater
accuracy. This is promising because the developed model can
detect the presence of NAL in older adults, making it useful
for home-based gait diagnosis. As mentioned earlier, one
participant with NAL-SN patterns participated in the study
with the model

D. THE ROLE OF RAMPS
To enhance the robustness ofW detection, portions of the data
acquisition were collected with a 4◦ ramp in order to simulate
uphill and downhill walking. This was included in preparation
for real-life environments with varying terrains. The same
rampwas also applied during testing, and the results were that
there was no misclassification between walking with SN or
SD. This indicates that the model is able to accurately detect
W even with a normal ramp, enabling consistent performance
in real-life environments.

E. THE ROLE OF HANDRAIL
For safety and convenience for young and older adults,
handrails were allowed for use by the subjects if required.
This also allowed us to design a flexible system that could
accurately classify activity even in the presence of handrails,
particularly in the use of stairs or ramps. Two subjects in
group 6 made use of handrails during SN, and the findings
were that the use of handrails did not impact the accuracy in
the classification.

F. EFFECT OF IMU ERRORS AND NOISE
The orientation error of the IMUs, a maximum of 2◦ under
dynamic conditions as reported by the manufacturer, is not
expected to significantly affect the model’s performance.
Such a level of error is small and within the inherent
variability of the extracted biomechanical features, for which
the model’s performance is high. As shown in Table 7., all
the standard deviations of the biomechanical features are
greater than 2◦. Furthermore, with regard to toe-off detection,
Fig. 14 demonstrates that the angle difference between the
actual toe-offs and local minima consistently exceeds the
reported error margin (43◦), thereby supporting the reliability
of the segmentation process. Given that the model is based
solely on maximum and minimum orientation angles, these
small deviations fall well within the range of inter-class
separability. In addition, signal quality analysis using the
signal-to-noise ratio (SNR) revealed values exceeding 25 dB

across all activities and participants, indicating low noise
levels and further validating the robustness of both the
segmentation and classification components of the model.

G. COMPARISON WITH OTHER METHODS
Comparison with existing approaches may be challenging
due to differences in training and testing sets, recognition
targets, and sensor usage. However, Table 6 summarizes
studies with equivalent focus in activity recognition like ST,
SI, W, and SN, but excluding deep learning approaches and
employing biomechanical features. There are studies [44],
[60] that report improved accuracy, but their methods gen-
erally employ more sensors, more biomechanical features,
or more latency in activity recognition. Compared to other
methods using only one IMU, our approach exceeded the
accuracy reported in [43] and the applicability in real-time
in [42]. There were a number of studies that examined
powered lower limb prostheses [41], [61] in that population,
but they did not consider the patterns in older adults, such as
the NAL patterns.

With the deployment of deep learning models, Tang et al.
[28] employed shallow hierarchical-split (HS) blocks with
at least three IMUs. However, their use of a fixed slid-
ing window segmentation strategy introduced a delay of
approximately 132 ms due to the windowing mechanism. Ali
and Abdelhafeez [23] combined CNN and LSTM models,
demonstrating their potential for real-time applications;
however, the model was not deployed and tested in a real-time
setting. Alawneh et al. [29] used a personalized LSTMmodel
to detect 17 activities with accuracy up to 98.54%. However,
the system relies on a large dataset (UniMiB SHAR)
and introduces a 0.35-second computational delay due to
personalization steps and 3s of fixed windowing data.While
Akter et al.’s attention-based CNNwith CBAM [30] achieved
96.86% accuracy, its dependency on spectrogram transforma-
tions, multi-channel IMUs, and fixed 3-second segmentation
limits its feasibility for low-latency, mobile-based systems.
While HARTH [38] achieved an F1-score of 0.81 using
SVM and 161 features, the reliance on fixed windows and
high-dimensional inputmay limit real-time use, especially for
edge devices or older adults. In comparison to the model that
was deployed on an edge device, Zhou et al. [32] deployed
their TinyML on an Arduino Nano, targeting real-time in
low power; however, due to the same issue of using the
sliding windowing technique, the delay time is about 2s. Our
model bridges the gap in the current studies by specifically
examining this population and accommodating their specific
movement patterns.

In addition, none of these studies involved testing older
adults. The most critical advantage of our system is that
it is balanced in terms of latency, accuracy, and practical
implementation. Our method is cost-effective and home-
based and uses an Android smartphone. In contrast, other
cost-effective systems with Raspberry Pi [41], [61] are less
practical for home implementation in most cases and may
lack the same level of performance. Although the model

156228 VOLUME 13, 2025



E. S. M. et al.: Real-Time Activity Recognition Using Minimal Biomechanical Features

TABLE 6. Comparison between the presented model and other recent methods.

by Cheng et al. [41] had slightly higher overall accuracy,
it was trained with a larger data set from a previous study
using a camera-based motion capture system [62]. Therefore,
our study was successful with two IMU and data from
15 participants, which shows the efficacy of our method.

H. LIMITATIONS AND FUTURE WORK
Several limitations in this study need to be addressed in the
future. A significant limitation of this study is the small
sample sizes used for testing, particularly within the older
adult groups. While the model demonstrated high accuracy,
including cases with 100% in offline analysis, small sample
sizes limit the statistical power of the findings and may
overestimate the model’s robustness and generalizability.
This is particularly important when considering deployment
in a broader, more heterogeneous population of older adults.
Therefore, future studies with larger andmore diverse cohorts
are necessary to validate and generalize the findings.

Moreover, although the model could detect the NAL-SN
patterns, future studies should investigate the efficacy of the
model by recruiting more participants with NAL-SN patterns
such as individuals with Parkinson’s disease. Another lim-
itation concerns the real-time segmentation method, which
employs adaptive windowing based on toe-off detection.
Future studies should explore advanced segmentation tech-
niques to enhance the model’s performance, especially for
older adults with irregular step timing. The current threshold
criteria were derived from a limited sample and may not
retain the same level of accuracy in broader, more diverse

populations. Expanding the criteria or using other adaptive
methods may be necessary to enhance generalizability.
Furthermore, the long-term usability of the system should be
evaluated to determine its effectiveness for home-based use
by older adults.

VI. CONCLUSION
This study presented a real-time HAR system using minimal
lower-limb biomechanical features obtained from thigh and
foot mounted IMUs. The model was trained on young adults
and tested on both young and older adults, demonstrating its
generalizability.

The model was trained to incorporate NAL-SN patterns to
accommodate older adults among others with this mobility
limitation. The results highlight the feasibility of deploying
this lightweight HAR system on smartphones. Unlike deep
learning approaches that require extensive datasets for
training, the proposed model emphasizes simplicity and
computational efficiency, making it a practical physics-based
classifier for real-time applications. The method achieved
high accuracy in classifying activities and detecting as well
as distinguishing between normal and NAL-SN patterns.
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APPENDIX A
The two thresholds used for toe-off detection in our
segmentation process, a minimum time threshold of 0.4s
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FIGURE 14. The distribution of time (a) and angle (b) differences between
consecutive actual toe-offs with cycle peak value (actual toe-off
candidates) shown in blue bar plots and the difference with local peak
value (false toe-off candidates), shown in red bar plots based on data
from young participants. Clear separations are visible in both plots,
supporting the use of the minimum time threshold of a) 0.4s and b) −30◦

for angle to reject false detections.

between consecutive events and a foot angle threshold of
−30◦, were empirically derived from the training data. While
similar thresholds are discussed in the literature to help
identify toe-off events and minimize false detections caused
by local minima in the IMU signals, we chose to calibrate
our values based on the specific characteristics of our dataset
and system implementation to ensure optimal performance in
real-time settings. During preliminary analysis, we observed
that local minima in the foot angle signal were particularly
observed during stair negotiation activities (especially stair
descent as shown in Fig. 3), while level walking produced
cleaner, more distinguishable toe-off events. Therefore, the
thresholds were primarily validated for robustness in complex
movement scenarios like stair negotiation, which presented a
greater challenge for accurate segmentation.

To empirically support our threshold selection, Figs. 14
and 15 illustrate how actual toe-off events differ from the
local peaks, i.e., false toe-off events. Fig. 14 shows the bar
plots of the temporal (a) and angular (b) differences of the
actual toe-off events with the cycle peaks, which we intended
to detect as actual toe-offs, and the local peaks, which we
intended to avoid as false toe-offs. Fig. 15 demonstrates the
combinations of both plots of Fig.14 (a) and (b) for the angle
and time values, distinguishing the cycle and local peaks.
These visualizations demonstrate a clear separation between
true and false events, guiding our selection of a −30◦ angle
threshold and a 0.4s time threshold values, which fell near
the boundary between the clusters. The broader ranges of
observed separation were approximately [0.4s, 0.8s] (Fig.14
(a)) for time and [−25◦, −45◦] (Fig. 14 (b)) for angle, when
these two measures are considered separately.

We confirm these thresholds by conducting statistical
analysis using paired-sample and one-sample t-tests. The
results of the paired-sample t-test showed highly significant
differences (p < 0.0001) between the distributions of actual
toe-offs and local minima in both angle and time domains.
Additionally, each distribution was significantly different
from the selected threshold values using a one-sample t-test
(p < 0.0001). These findings validated the thresholds’ ability
to discriminate between actual and false events.

FIGURE 15. Comparison of the foot angle and time interval features for
the actual toe-off events (cycle peak value) versus local minima in young
participants. The clear distinction between the two groups supports the
selected thresholds of −30◦ for the foot angle and 0.4s for the time
difference.

FIGURE 16. The distribution of time (a) and angle (b) differences between
consecutive actual toe-offs with cycle peak value (actual toe-off
candidates) shown in blue bar plots and the difference with local peak
value (false toe-off candidates), shown in red bar plots based on data
from older-adult participants. Similar to the younger group, the results
demonstrate clear temporal and angular separations between the actual
toe-offs and local minima, validating the generalizability of a) the 0.4s
time and b) −30◦ of angle threshold.

Finally, we evaluated the generalizability of these thresh-
olds found by the data of young participants by applying
them to the older-adult participants’ data. Figs. 16 and 17
are similar to Figs. 14 and 15, respectively, present the same
analyses for this group and reveal similar separation patterns
between the gait cycle and local peaks. Statistical analyses
again confirmed significant distinctions between the two peak
groups and significant differences between each group and
the thresholds (p < 0.0001). The older-adult participants’
results further support that the thresholds derived from young
participants’ data retained their discriminative power across
age groups.

Regarding walking speed sensitivity, it is important to note
that during data collection, participants performed walking
and stair activities at both self-selected and fast speeds. This
design ensured that the thresholds were exposed to natural
ranges of gait speed variability. The consistent performance
of the segmentation algorithm across these different speeds
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FIGURE 17. Comparison of the foot angle and time difference features for
the actual and local (false) toe-off candidates in older adults (part of the
testing group). The clear separation supports the sustained effectiveness
of the segmentation thresholds across age groups.

and participant ages supports the robustness of our chosen
threshold values.

In summary, although the thresholds were originally
derived from training data of young adults, their effectiveness
was validated through both visualization and statistical
analysis for older adults and across varied walking speeds.
This confirms that these thresholds are applicable not only for
the training cohort but also generalize well across populations
andmovement conditions. However, it should be noted that in
a larger and more diverse population with greater variability
in speed and movement patterns, the accuracy of the current
criteria might decrease, necessitating the addition of further
segmentation parameters. The selected criteria in this study
were chosen as a trade-off between computational efficiency
and classification performance, tailored to the constraints of
our limited sample size and target population.

APPENDIX B
Regarding the errors of the sensors, in our study, we utilized
the orientation output from the Movella DOT sensors, which
is generated using the device’s onboard XKFCore Kalman
filter-based sensor fusion algorithm (Movella Inc. 2023).
This algorithm combines raw accelerometer, gyroscope,
and magnetometer data to produce drift-free 3D orientation
estimates, optimized specifically for human motion tracking.
According to the manufacturer’s specifications, the Movella
DOT provides orientation accuracy of 0.5◦ RMS for incli-
nation and 1.0◦ RMS for heading under static conditions,
and 1.0◦/ 2.0◦ RMS for inclination and heading, respectively,
under dynamic conditions. Our features for the model are
based solely on thigh and foot orientation angles, and not
from raw IMU signals. The internal noise characteristics of
individual sensors (e.g., accelerometer noise or gyroscope
bias) have already been accounted for and compensated
within the sensor fusion process.

It should be noted that there are other off-the-shelf IMUs
(e.g., Movella DOT used here, APDM Opal, MetaMotion
R, etc.) with similar sensor fusion algorithms that utilize
accelerometers, gyroscopes, and magnetometers to accu-
rately estimate orientation (including quaternions and Euler
angles) with low noise. Given the availability and prevalence
of such IMUs, our proposed method, including both the
algorithm and selected features, is designed for use with these
IMUs, anticipating their increasing adoption by researchers.

First, we quantified the level of noise with the collected
data and calculated the Signal-to-Noise Ratio (SNR). SNR is
a critical metric that compares the power of the desired signal
to the power of the unwanted noise, typically expressed in
decibels (dB). A higher SNR value indicated a cleaner signal
with less interference from noise. The general formula for
SNR in decibels is:

SNRdB = 10 · log10

(
Psignal activity

Pnoise

)
(1)

where,
• Psignal activity represents the power of the true underlying
motion signal.

• Pnoise represents the power of the inherent sensor noise
and other undesirable fluctuations.

For practical application to IMU data, where the true
signal and noise components are not directly separable,
an estimation approach is employed: The noise power of
each IMU sensor (foot and thigh) was estimated from
the standing period within the collected data. During this
stationary period, it is assumed that there is no intended
anatomical motion, and therefore, any observed fluctuations
in the recorded angle are primarily attributable to sensor noise
and minor physiological sway.

Pnoise =mean
(
(angle data[standing indices])2

)
(2)

For each specific dynamic activity (Walking, Upstairs,
Downstairs), the total power of the angle signal was
calculated. This total power includes both the power of the
actual motion and the underlying sensor noise present during
that activity.

Ptotal activity =mean
(
(angle data[othe activity indices])2

)
(3)

The power of the true motion signal for each activity
was then estimated by subtracting the previously determined
global noise power from the total power of that activity’s
segment. This assumes that the noise is additive and its power
remains consistent across different activities.

Psignal activity = Ptotal activity−Pnoise (4)

This detailed process allowed for a quantitative evaluation
of the signal quality of the foot and thigh angle data, enabling
a comparative assessment of noise levels during various
dynamic movements.

We considered the criteria reported in a study [57], as SNR
values for IMU, above 25 dB indicate high-quality data, and
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FIGURE 18. Signal-to-noise ratio (SNR) of the IMU angle signals from
thigh and foot sensors during walking, stair ascent, and stair descent. All
values exceeded 25 dB, indicating high-quality signals across all
participants and activities.

FIGURE 19. The distribution of angles between consecutive actual
toe-offs with cycle peak value (actual toe-off candidates) shown in red
bar plots based on data from young participants. Clear separations are
visible in both plots, supporting the use of the minimum time threshold
of 30◦ for angle to reject false detections.

below 10 dB may reflect poor signal quality. The SNR for all
the data, including training and testing data, was calculated
and is shown in Fig. 18. The SNR values for all participants
across walking, stair ascent, and stair descent exceeded 25 dB
for both thigh and foot IMUs. This confirms that the IMU
signals used in this study were of high quality, with minimal
noise interference, and did not compromise the accuracy or
stability of the segmentation or classification model.

Second, regarding how the sensor’s dynamic error
affects the segmentation and classification model: (I) The

TABLE 7. The biomechanical features, such as the mean and standard
deviation.

segmentation window is determined by detecting the actual
toe-off moments, defined as the minimum foot angle within
a gait cycle (i.e., cycle peak value) in the orientation signal.
According to the manufacturer, the maximum expected
dynamic orientation error is ±2◦. To assess whether this
dynamic error affects toe-off detection and causes a detection
confusion between cycle peaks (actual toe-offs) and local
peaks (false toe-offs), we compared the distribution of the
actual toe-off values (i.e., cycle minima) and local peaks.
As shown in Fig. 19, the mean ± standard deviation of the
actual toe-offs was −23.06 ± 6.21◦, while the local minima
had a mean of −63 ± 16.20◦. This clear separation shows
that even a 2◦ error is negligible in affecting segmentation
accuracy.

(II) In terms of activity classification, the model relies
on the maximum and minimum orientation values of the
thigh and foot in each segment. Fig. 9 and Table 7 show
that these biomechanical features are significantly different
across walking, stair ascent, and stair descent (p < 0.001 for
all comparisons). While some overlap exists due to natural
variability, a 2◦ orientation error falls well within the margin
of separation between classes (please note that all the
standard deviations in Table 7 are greater than 2◦) and it is
unlikely to degrade model accuracy in any meaningful way.

In summary, since our model relies solely on orientation
outputs, the reported maximum dynamic error of approxi-
mately 2◦ from the IMUs is unlikely to meaningfully affect
the detection of toe-off events or the extraction of peak
values within each segmented window. Additionally, our
SNR analysis confirmed that the orientation signals were of
high quality, and the observed variability in the data did not
suggest that noise had a significant impact on the model’s
performance. It is important to note that if other researchers
aim to develop similar detection algorithms using IMUs
with different sensor fusion techniques, the noise analysis
provided in this study may not be transferable.
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