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Abstract— Assistive devices, such as exoskeletons and pros-
theses, have revolutionized the field of rehabilitation and mobil-
ity assistance. Efficiently detecting transitions between different
activities, such as walking, stair ascending and descending,
and sitting, is crucial for ensuring adaptive control and en-
hancing user experience. We present an approach for real-
time transition detection, aimed at optimizing the processing-
time performance. By establishing activity-specific threshold
values through trained machine learning models, we effectively
distinguish motion patterns and we identify transition moments
between locomotion modes. This threshold-based method im-
proves real-time embedded processing time performance by up
to 11 times compared to machine learning approaches. The effi-
cacy of the developed finite-state machine is validated using data
collected from three different measurement systems. Moreover,
experiments with healthy participants were conducted on an
active pelvis orthosis to validate the robustness and reliability of
our approach. The proposed algorithm achieved high accuracy
in detecting transitions between activities. These promising
results show the robustness and reliability of the method, rein-
forcing its potential for integration into practical applications.

I. INTRODUCTION

Locomotion mode identification involves recognizing
various human activities, such as walking, running,
stair ascent, stair descent, and sitting [1]. This field has
significantly evolved over the years, with a focus on
achieving accurate human intention recognition.

Wearable sensors like inertial measurement units
(IMUs), force sensors, and electromyography sensors have
played a pivotal role in locomotion-mode identification
[2]. Researchers have commonly used feature extraction
methods to capture activity-specific characteristics, followed
by classification algorithms to identify these activities [3],
[4]. Classification methods vary in complexity, ranging from
simple threshold-based (TH) approaches to advanced deep
learning (DL) techniques [5], [6].

Reported accuracy varies across different studies, and
depends on factors such as choice of sensors, feature
extraction methods, and classification algorithms [7], [8].
Most of the time, the performance of the selected techniques
is analyzed based on accuracy, sensitivity, and specificity.
However, for onboard real-time implementation of suggested
strategies, the low computational cost is also important [9].
Since the performance of an assistive device is strongly
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Fig. 1: The outdoor environment where the onboard transition detection
tests are performed for walk-stair ascend, stair ascend-walk, walk-sit,
sit-walk, walk-stair-descend, and stair descend-walk transitions

affected by the response time or delay, an accurate but also
fast transition detection strategy is essential [4], [10], [11].

Existing classification methods excel in identifying
steady-state activities for various locomotion modes [2],
[12]. Meanwhile detecting the transitions between different
activities is crucial from the perspective of control of
a lower-limb exoskeleton to be able to assist promptly
with changes in locomotion, ensuring smooth human-robot
interaction and enhancing the safety and efficiency of
lower-limb exoskeletons. Hence, there is a need to develop
specialized algorithms that focus on transition detection
rather than continuous activity recognition.

Most of the studies primarily rely on the sensors placed
on the human body and often lack real-time experimental
results integrated into lower-limb assistive devices [13],
[14]. There are few studies with exoskeletons that conducted
experiments followed by offline recognition and analysis
and even less with online recognition [15].

In the field of lower limb prosthesis, multiple
methodologies are developed to achieve high real-time
performance in recognizing different locomotion types
for intuitive prosthetic control [16], [17]. However, the
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identification of transitions between locomotion modes
with lower-limb exoskeletons has not been studied as
comprehensively in prosthetic systems. In the review article
[15], it is shown that only three studies investigated the
transitions between locomotion modes among the eight
studies focused on orthoses or exoskeletons. In a more
recent review [18], the number of studies is increasing to
detect transitions between locomotion modes.

In Long et al., [19], the Support Vector Machine (SVM)
algorithm is optimized by particle swarm optimization to
identify five locomotion modes with a knee exoskeleton:
level-ground walking, stair ascent/stair ascent, ramp
ascent/descent, and transitions between them based on
ground reaction forces and attitude and heading reference
system. Human subject experiments achieved low error
rates, but the suggested system may not translate well to
seamless online control since the identification of transitions
between certain modes relies on the entire upcoming step.

In Wang et al., an LSTM-based model is implemented
on a soft knee exoskeleton to detect the level walking, stair
ascent/descent, and the transitions between them based on
IMUs [20]. They report 98.2% for steady-state accuracy
while the recognition delay of all transitions is slightly less
than one step. Zhou et al. also studied the same three locomo-
tion modes and transitions between them [13] by using SVM
with the data of IMUs for a unilateral knee exoskeleton.
However, these approaches [13], [20] rely on fixed-length
sliding time windows that shift over the gait time series, po-
tentially limiting its adaptability to variable walking speeds.

Liu and Wang, [21] implemented SVM to recognize the
locomotion mode for a unilateral knee exoskeleton together
with recognition of sitting. Their experimental results demon-
strated that the real-time recognition with two IMUs obtained
satisfactory recognition accuracy and low delay time. A
fuzzy logic-based algorithm for locomotion mode and
transition recognition based on the uses of inertial sensors
mounted on a hip joint exoskeleton is proposed in [22]. The
proposed approach is able to overcome the subject-dependent
parameters in data training, avoiding a training procedure
per subject. In contrast, subject-independent locomotion
mode classification for a hip exoskeleton is suggested by
[23] based on a deep CNN. Although this suggested strategy
seems to be promising without fine-tuning subject-specific
parameters, it has only been validated in offline scenarios.

TH methods offer transparency and interpretability,
allowing clear rules and decision-making criteria. Since they
are computationally efficient, they are suitable for real-time
applications. However, they may struggle with complex
patterns, have limited generalization, and require manual
threshold creation. Most of the traditional machine learning
approaches can handle complicated patterns, generalize
well, and provide versatility with various algorithms. Yet,
they often require feature engineering and are sensitive to
feature quality, limiting scalability. On the other hand, DL
approaches automatically learn features from raw data, excel
at capturing complex patterns, and scale well. However, they
need large amounts of labeled data, are computationally

demanding, and lack interpretability.

By considering the data availability and limited
computational resources on assistive devices, a TH method
is proposed in this work. Instead of setting thresholds via
manual inspection, traditional machine learning approaches
are utilized considering the generalizability of the approach.

This study will focus on recognizing transitions between
locomotion types such as overground walking, sitting, and
stair ascend/descend while minimizing the computational re-
sources on the required processing power and time on lower-
limb assistive devices for real-time onboard implementation.

The major contributions of this study are the following.

e The proposed threshold-based implementation offers
a significant advancement in real-time embedded
performance, reducing computational costs while
maintaining high accuracy in real-time classification.

o The efficacy of the developed finite-state machine is val-
idated using data collected from three different measure-
ment systems: 1) a Vicon camera motion capture system,
ii) goniometers, and force plates, and iii) an IMUs-based
motion capture system. This comprehensive validation
ensures the reliability and versatility of the proposed
approach across different measurement modalities,
enhancing its applicability in practical scenarios.

« Robustness and reliability of the suggested strategy to
use in lower-limb wearable robots are verified through
the human subject experiments with an active hip
orthosis with a total of 10 healthy participants.

II. METHODS
A. Training Dataset

Human gait kinematics and kinetics are studied for
various distinct locomotion scenarios in the literature
together with several public datasets [24]-[30]. However, in
most of the datasets, transitions between activities are not
considered. To be able to detect the transitions, the public
dataset provided by [31] is used to train the classifiers. This
dataset involves several activities including walking, stair
ascending/descending, sitting, and standing with continuous
variations and transitions between activities. The transitions
between different locomotion modes are notated as Walk to
Sit (W — S), Sit to Walk (S — W), Walk to Stair Ascend
(W — SA), Stair Ascend to Walk (SA — W), Walk to Stair
Descend (W — SD), Stair Descend to Walk (SD — W) and
finally all the steady state cases are notated with SS-mode.

Gait data were acquired with a 10-camera Vicon T40
motion capture system on ten healthy subjects. The training
dataset is constructed as described in [32]. Of the available
data, 72% of samples are taken for the training while 18% of
samples are used for validation of each individual classifier.
The remaining 10% of data is later used for testing the
method together with the Finite-State Machine (FSM).

B. Features and State-Machine

In [32], they derive kinematics-based classification
features called instantaneous characteristic features (ICFs)

3242



TABLE I: The derived features for transitions between distinct locomotion
modes

Notation  Definition
W —S  ICF3 The sign of, f;p,, when 6y, =10°
S—-W ICF-3 The sign of, éth, when 0,5, =10°
SA - W ICF-1 01, at MHF Gth’MHp
W — SA ICF-1 04y, at MHF 9th’MHF
W — SD ICF-2 The difference ch,MHp - eth’HS
SD - W ICE-2 The difference Oip, prHF - Oth, 1S

based on thigh angle (6;1,) and thigh velocity (éth). Three
ICFs (ICF-1, ICF-2, ICF-3) are derived for transitions
between Walk and Sit, Walk and Stair Ascent, and Walk
and Stair Descent at three specific moments. The specific
moments are defined as maximum hip flexion (MHF), heel
strike (HS), and 619 (TH10). The MHF and HS are used
for locomotion transition classifications while TH10 is used
for walk and sit transition. ICF-1 is 6y, at MHF 0., prur,
ICF-2 is the difference 0:n paF - Oh, s and ICF-3 is the
sign of éth, when 6, =10° as shown in Tab. 1.

In [32], the researchers employ a finite state machine
comprising four distinct states — Sit, Walk, Stair Ascent,
and Stair Descent — to decompose the classification
challenge into six transition detection problems, each
corresponding to the current activity. We are utilizing the
same FSM introduced by [32], as depicted in Fig. 2. Within
the FSM, level walking, standing, and ramp walking are
grouped into a unified state. In the flowchart, the ICFs
detector will check for identifying distinct moments (e.g.,
MHEF, HS) containing various ICFs from the thigh angle
and ground reaction forces to predict the transitioning state.

C. Classification Algorithms

Several machine learning (ML) algorithms such as Linear
Support Vector Machines (SVM), Logistic Regression (LR),
k-Nearest Neighbors, Naive Bayes, Random Forest, and
Gradient Boosting are used to train the classifiers from
the Scikit-learn library in the Python environment [33].
After manually tuning the parameters based on the accuracy
results of each algorithm, the best-performing one in terms
of training accuracy is selected. In the LR and Linear SVM,
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Fig. 2: The finite state machine suggested by Cheng et al. in with the
updated value of thigh boundary for ICF3 [32].

TABLE II: Training and test accuracies with selected algorithms for each
classifier

Algorithm Training Acc.  Test Acc.
W—S Linear SVM  86.94% 90.91%
S—W LR 95.07% 100.0%
W—SA LR 91.44% 89.36%
SA—W LR 81.67% 86.89%
W—SD LR 93.20% 94.38%
SD—W LR 97.25% 96.55%

the parameters were left at default. For the best-performing
algorithms training and test accuracy for each transition are
reported in Table II.

D. Threshold-based Implementation

Many of the assistive devices are resource-constrained
embedded systems to perform real-time operations. For
assistive devices, it is critical to be computationally efficient
in the context of real-time embedded systems since it
enables quick and responsive control actions. To improve
computational efficiency and optimize resource usage, we
are introducing TH implementation for a practical and
efficient solution. The computational efficiency, ease of
implementation, interpretability, and inherent robustness of
a TH method, make it an appealing choice for transition
detection in the control of assistive devices.

In the method proposed in [32], machine learning
models were trained using 1-D feature space and resulted
in thresholds on ICFs for various transition activities.
However, deploying these classifiers on devices can
introduce additional computational costs, potentially causing
delays in the system, especially in resource-constrained
environments. By performing offline training, a threshold
value i1s defined for each classifier. Therefore, the ML
models can be substituted by a straightforward if/else
condition based on the trained thresholds while maintaining
accuracy and ensuring efficient performance in real-time
embedded operation. The check for the classifiers shown in
Fig. 2, is therefore implemented via thresholds.

III. EXPERIMENTS
A. Offline Experiments

1) Testing on two different datasets

To evaluate the performance of the trained models, the
classifiers are tested with FSM by using two different human
gait datasets. To simulate the performance in real-time im-
plementation, gait data is provided to the FSM consecutively
”sample-by-sample” with the goal of mimicking upcoming
sensor data. Therefore, the detection of ICF, extraction
of the corresponding feature, and performing the binary
classification are tested simultaneously in this evaluation.

The first experimental data is taken from a portion of
the dataset provided by [31] that has been described in
Section II-A. The second gait dataset [34] contains gait data
from 22 healthy subjects for several locomotion modalities
such as level-ground and treadmill walking, stair ascent, stair
descent, slope ascent, and slope descent. Although multiple
locomotion modes at different conditions are available in
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-
Fig. 3: The indoor environment where the test is performed with an
IMU-based motion capture system

this dataset, walk-to-sit and sit-to-walk transitions were not
included. Therefore the performance of sit-to-stand and
stand-to-sit transitions couldn’t be tested.

The accuracy results for the two datasets [31], [34] are pre-
sented in Table III. Data from [31] is also used for testing and
validation of the trained model. However, as stated in Sec-
tion II-A, 18% of the data is separated for this experiment.

TABLE III: Transition detection accuracy with two different datasets

Data from [31] Data from [34]

W—S 90.00% - %
S—-W 99.90% - %
W—SA 90.00% 99.90%
SA—-W 80.33% 93.33%
W—=SD 90.00% 80.00%
SD—W 85.00% 80.00%

2) Results with IMU-based motion capture system

An offline test was conducted in an indoor environment
with a single subject to assess the method’s suitability for
real-time implementation. The subject was a 25-year-old
female with a height of 167 cm and a weight of 65 kg.
Kinematic data during human gait were captured using
the MVN Awinda motion capture system by Xsens (Xsens
Technologies, B.V., The Netherlands) [35], which utilizes
IMUs to accurately track motion.

To evaluate the classifiers, a predefined protocol was
followed in a controlled environment, incorporating sitting,
overground walking, and stair ascend/descend activities as
shown in Fig. 3. The data collection procedure included
the following transitions: S—W, W—SD, SD—W, W—SA,
SA—W, and finally W—S.

The collected data was given as input into the FSM in
an offline way to analyze the performance of ICF detection
and classification for each transition. The Fig. 4 shows that
for sit-to-walk, walk-to-stair descend, stair-descend-to-walk,
walk-to-stair ascend, stair ascend-to-walk, and walk-to-sit
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Fig. 4: Collected data with IMU-based motion capture system and detected
transitions

transitions ICFs are detected, and all of the transitions
are correctly classified. A heuristic approach during this
evaluation indicated that to detect the transitions W—S and
S—W the changing ICF-3 from when 6 =10 to while 70 <
0 <75 would increase the detection accuracy performance.
3) Onboard Bench-marking
The computational costs of the TH method and the ML-
based approach are evaluated and compared on the Beagle-
Bone Black. This embedded single-board computer runs on
a Debian-based Linux distribution that is specifically opti-
mized for embedded systems, ensuring efficient performance.
The collected data with the IMU-based motion capture
system is sequentially inputted to the FSM. When the binary
classification is performed, the time spent is recorded for
each individual classifier. This process is performed for both
of the methods with 100 transition cycles for each classifier.
To show the importance of efficient onboard computing,
the test is repeated on both a notebook computer (Apple
M1 processor, 8-core CPU, 7-core integrated GPU with 8
GB RAM) and the embedded computer (BeagleBone Black,
1GHz ARM® Cortex-A8, 512MB RAM). The results of
the benchmarking tests on two devices for the two methods
are illustrated in Fig. 5.

B. Experimental Protocol with Human Subjects

The hip orthosis eWalk is designed for partial assistance
for the hip flexion/extension movement by EPFL research
group Biorob-REHASsist in collaboration with the company
Sonceboz [36], [37]. eWalk has 2 active degrees of freedom
which are actuated with DC servo motors (Gyems RMD
X8 Pro), as shown in Fig.6. To allow natural walking, the
abduction/adduction and the internal rotation of the hip
are not constrained to allow natural walking due to the
compliant nature of thigh segments.

The position is measured by an incremental encoder on the
motor side for the assistive device. The zero position of the
joints is calibrated by the homing technique. Ground reaction
forces are measured by the flexible insole based on force-
sensing resistors. eWalk has an embedded computer (Bea-
gleBone Black, Texas Instruments, USA) that collects and
keeps a log of all the sensory data. Wireless communication
with both devices is established through a Wi-Fi module.

During the experiments, eWalk is utilized in passive
mode due to the transparent nature of the device with low
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Fig. 5: Benchmarking results on two devices with the methods as machine learning (LR and SVM) and TH implementation for each classifier separately

mass and low friction.

For the experiments, eligible adults are aged 18-65, height
of 160-200 cm, have EU shoe size 38-45, can consent and
follow the study, and are in good health for walking
without problems. Those with systemic disorders, seeking
treatment, psychiatric/cognitive impairments, insufficient
language skills, under guardianship, and pregnant/nursing
are excluded. During the tests, ten healthy subjects with the
age of 25.6+2.76 years, a height of 178.4+£8.1 cm, and a
body mass of 71.9+9.68 kg were asked to perform the trial.

The experimental scenario included four locomotion
modes (level-ground walking, stair ascent, stair descent,
and sit), and six locomotion transitions were tested in the
environment depicted in Fig 1. Locomotion transitions as W
—+SA,SA =W, W—=S,S—W,W—SD,and SD =+ W
are performed in consecutive order during the experiment.
There were 15-step stairs. For all locomotion modes, subjects
were instructed to walk at their self-selected walking speed.
The sitting position on the bench is self-selected. Each
trial is repeated 5 times by each subject. Therefore each
locomotion transition is tested 50 times in total.

1) Data Labeling

The ground truth data is labeled during the experimental
procedure. The person who is observing the subject during
the trials puts the ground truth label for each transition and
steady-state locomotion type. This label is logged in real-
time together with the rest of the data of the exoskeletons.

Fig. 6: The active hip orthosis eWalk.

2) Performance of classifiers for transitions

The recognition accuracy results are reported in Fig. 7
for the experiments with the eWalk exoskeleton. The
recognition accuracy is defined as shown in Eqn. 1:

N, correctly detected transitions
A= Y .100

(D

Jvtotal transitions
where Neorrectly detected transitions 18 the detected transitions
at the correct moment and Niotal transitions Was the number of
total trials. If the method does not recognize the transition
at the time of transition, it is considered not detected, even
if the steady state is correctly classified.
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Fig. 7: The results real-time recognition accuracy (%) of locomotion

transitions from experiments with eWalk exoskeleton.

SW

IV. DISCUSSION
A. The importance of real-time performance

Classification delays, while possibly acceptable for
health monitoring applications, can become problematic in
real-time control scenarios [32]. In these scenarios, where
locomotion mode classification is performed onboard in
real-time alongside a high-level controller, the computational
load might not only affect transition detection latency but
may also influence controller performance.

Haptic systems typically utilize a local 1 kHz control loop
to overcome device dynamics and display high-frequency
haptic feedback to the user [38]. In physical human-robot
interaction, for the robot to react rapidly in the case of an
impact or to be as transparent as possible when physically
collaborating with a human, its control loop should run at
a minimum of 1 kHz [39].

Given these considerations and the inherent limitations of
computational resources in embedded systems, it becomes
imperative to seek methods that can minimize computational
costs while upholding classification accuracy. Note that
the accuracy outcomes of ML-based and TH methods are
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identical since the threshold for each binary classification
was directly extracted from the trained ML models.
Consequently, TH methods demonstrate a notable reduction
in computational costs, as presented in Fig. 5. For example,
for the W—S classifier, the median value of computational
time changes from 0.2273 ms to 2.568 ms which is about
making the threshold TH method 11 times faster.

The computational costs in terms of time for both of the
methods on a notebook computer are quite low. However,
when assessing computational performance on an embedded
board, the TH method outperforms the ML-based approach
in terms of computational time, showcasing its efficiency in
resource-constrained settings.

B. Verification of the system

As presented in Table III, when all the data points are
provided to FSM one by one the overall accuracy is between
80% — 99.90% in all of the cases. Since the dataset [34]
does not include W—S, and S—W transitions, they couldn’t
be reported.

Our experiments with the Xsens measurement system
yielded highly promising results as presented in SectionlII.
It’s noteworthy that all transitions were accurately classified,
showcasing the robustness of our approach. However, a
subtle point deserves attention, as depicted in Fig. 4: the
transition from W — SA exhibited a one-step delay.

It’s essential to clarify that this delay isn’t indicative of
a misclassification; rather, it stems from the methodology
employed. In this particular test, we didn’t measure ground
reaction forces. Instead, we relied on foot position in the ver-
tical axis to detect load and unload conditions. Consequently,
the observed one-step delay is a reflection of the limitations
in acquiring foot position data, as illustrated in Fig. 4.

Moreover, this experiment showed us the selection of
ICF-3 value could be another parameter to optimize the
implementation for improved accuracy.

These results collectively underscore the versatility and
robustness of the proposed method, further validated by its
successful implementation across three distinct measurement
systems.

C. Real-time results with assistive devices

During the real-time locomotion recognition experiments,
high accuracy is reported as illustrated in Fig. 7. This result
shows that the proposed strategy could be utilized in real-
time recognition with high accuracy and low computational
costs.

Although high accuracy is reported, the recognition
accuracy in other scenarios outperforms the results in
SA—W and W—SD during the experiments with eWalk.
The main reason behind this is the proper alignment of
the hip flexion/extension joint to the user’s joint alignment.
Fig. 8 provides an example for a W—SD case. Since the
joint positions of the exoskeleton were placed above the
body ones due to the width of the trunk, the thigh angle
measurement was smaller than the actual one. Therefore
the range of motion of the joint is decreased with a smaller

50 = aligned joint
= misaligned joint

hip angle [deg]

20

0 20 40 60 80 100 120 140
time [steps]

Fig. 8: Thigh angle trajectories of measured with during W—SD when the
exoskeleton joints are misaligned and aligned properly.

peak. Therefore, the feature ICF —1=0:n viaF —0ih,HS)
never overtakes the threshold for the transition detection.

As stated in [32], [40], activity mode misclassifications
most frequently occur between walking and walk-to-stair
transitions. To be able to reduce these misclassifications,
a conditional offset is suggested for steady-state modes of
walking and steady-state stairs in [40].

D. Limitations

Firstly, the open-source dataset used for training the
classifiers was collected from subjects who were not wearing
a wearable assistive device. This limits our understanding of
how well the model can adapt to different levels of assistance,
as the kinematics of users can vary depending on the level
of assistance received. Additionally, since the measurements
were obtained from the sensors of the exoskeleton, any
misalignment between human joints and exoskeleton joints
can impact the reliability of the data. Moreover, while the
proposed approach demonstrates satisfactory results with a
subject-independent model, it is important to consider that
the accuracy of the implementation may deteriorate when
applied to target populations using exoskeletons, as their
gait dynamics may differ from those of healthy users.

V. CONCLUSION

In conclusion, our study highlights the significance of
enhancing real-time embedded performance through a
threshold-based approach, achieving an efficient balance
between computational costs and high classification
accuracy. The validation of the utilized finite-state machine
using data from diverse measurement systems shows its
versatility and reliability.

Furthermore, the practicality of our approach is
demonstrated in the context of lower-limb wearable robots,
as evidenced by human subject experiments involving an
assistive device and a total of 10 healthy subjects. These
results not only highlight the method’s effectiveness but
also its potential to significantly impact the field of assistive
technology. Future work should focus on the verification
of the suggested method with a target population of the
exoskeletons and also should incorporate a control strategy
that facilitates seamless human-robot interaction with the
assistance of the exoskeleton.
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