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Abstract— “Frail” elderly often experience walking impair-
ments that limit independence and sustained physical activity.
Although various assistive devices exist, many rely on single-
mode control, limiting adaptability, responsiveness to gait vari-
ability, and voluntary motion. To improve, we developed a wear-
able ankle-assist device with real-time gait phase recognition
and multi-mode control. Sensor fusion of inertial and plantar-
pressure data enables robust five-phase segmentation, with
optimal weights tuned by Particle Swarm Optimization. Based
on detected gait phase, the controller dynamically switches
between speed, torque, and free modes, adapting to cadence
variations. Treadmill experiments showed that mixed control
increased walking distance (251 m to 282 m (p < 0.05)),
reduced heart rate change (20% to 10% (p < 0.01)). Gait
analysis confirmed comfort and less resistance. These findings
demonstrate that phase-aware adaptive assistance balances
propulsion and natural motion, supporting mobility and re-
ducing strain. This framework provides a practical basis for
wearable ankle-assist systems in elderly rehabilitation and daily
use.

I. INTRODUCTION

As global aging accelerates, muscle degeneration and
neurological disorders such as stroke have emerged as ma-
jor contributors to mobility impairment, reducing indepen-
dence and quality of life in older adults [1]–[3]. Although
moderate-intensity physical activity is beneficial for preserv-
ing cardiovascular and musculoskeletal function, many el-
derly individuals struggle to sustain walking exercise because
of sarcopenia and diminished joint coordination [4]. On the
emotional state, research has been done to encourage them to
walk longer, and give stimulation when the user wants to stop
[5]–[8]. On the physical state, elderly often have difficulty
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Fig. 1. Diagram of the walking cycle segmented into five distinct gait
phases with example linear line.

to keep their toes high enough to prevent collapsing with
the ground. There are many exoskeletons used in clinical
environment to correct human’s motion and prevent this kind
of situation [9]–[12]. Although they usually support multiple
functions [13], [14], they are too bulky for daily activities.
Even with lighter version, a full leg exoskeleton is still not
suitable for daily activities [15].

Advised by the medical doctor, the ankle assistance could
exploit the stretch reflex of bi-articular muscles to achieve
efficient foot clearance [16], [17]. The human gait cycle is
commonly segmented into five phases defined by biomechan-
ical events, as illustrated in Fig. 1. This research mainly
focus on supproting the foot kicking and the beginning
of foot swinging phase, which one provides the user a
forward inertia, and the other one is using dorsiflexion to
provide clearance between the foot and the ground. During
dorsiflexion assistance, the gastrocnemius (GAS) is stretched
and reflexively contracts, inducing knee flexion, followed
by rectus femoris (RF) activation driving hip flexion. This
sequence of reflexes enables efficient clearance without
relying on the tibialis anterior, aligning external actuation
with natural biomechanics. A conceptual illustration of this
mechanism is shown in Fig. 2. By utilizing this concept, a
simple ankle assist device can induce the user to raise their
foot higher to prevent from hazards. Further experiments also
proved this concept [18].
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Fig. 2. Conceptual illustration of the reflexive flexion mechanism.

Generally, ankle assist device can be divided into two
types: passive and active device. Passive devices redistribute
biomechanical energy without powered actuation [19]–[22].
They can reduce joint load under specific conditions but
lack phase-dependent adaptability, as shown in Chen et al.’s
waist-mounted design [23]. Active devices integrate actuators
and sensors to provide adaptive support [24], [25], which
can reduce the muscle usage and improve user’s walking
motion [26]–[29]. However, some limitation existed, such
as miss estimation of the gait motion, which may cause
increasement of muscle usage compared with not wearing the
device [30]. Additionally, current exoskeletons are mainly for
clinical environment, which is safe and protected. This paper
focus on solving these issues and develop a practical ankle
assist device suitable for elderly’s daily outdoor activities to
prevent them from becoming frail.

In this study, an active ankle-assist device is employed as
an experimental evaluation platform. The system integrates
fused-sensor gait recognition, optimized by Particle Swarm
Optimization for robust five-phase detection, with a flexible
controller capable of switching among speed, torque, and free
modes. Through treadmill trials, the proposed framework is
shown to enhance walking efficiency and reduce cardiovascu-
lar load compared with conventional single-mode strategies,
providing new evidence that adaptive, phase-specific control
offers a practical and effective basis for ankle-centered
walking assistance.

II. SYSTEM DESIGN AND CONTROL FRAMEWORK

The device utilized in this research is shown in Fig. 3. It
is an ankle assist device using a Kendo PMX-SCR-9203HV
motor, with maximum torque of 8.07 Nm and an Arduino
Mega2560 as a controller [31], [32]. 2 flexiable pressure
sensors are attached on the bottom of the shoe, which can
measure upto 2 kg of weight, used to detect whether the
user’s foot has contact the ground. Toe and heel has one on
each, which allows the device to determine the gait phase
user is currently in. The control logic is as shown in Fig. 4,
in which the sensors are used to detect the user’s motion and
determine which gait phase the user is currently, allowing the
device to provide the suitable assist.

However, user’s walking cycle time isn’t usually constant,
and misalignment of each phase’s activation time can cause
discomfort or causing the user to lose balance. In order to
fit user’s walking pattern, the time between heel strike and
toe off is measured with the pressure sensor. Then, it is

Fig. 3. Ankle-assist device and user wearing condition corresponding to
the control strategy illustrated in this study.

Fig. 4. Real-time control framework from sensor input to motor. Notations:
WT : target walking cycle; WTL: estimated target walking cycle using linear
regression; WTQ: estimated target walking cycle using quadratic fitting;
θT : target ankle angle; θM : output angle of motor; TT : target torque; TM :
output torque of motor; P : calculated value for walking phase recognition;
ω: coefficient of each sensor parameter; S: sensor parameters.

used to estimate the gait cycle time using the method in
this research [33], which combined a linear regression and
the quadratic fitting to find a suitable gait cycle time for
the next step, as Fig. 5 shown. With correct timing being
estimated, the adjustment angle can then be determined with
the data collected from the real human [33]. To this end, the
device can adjust the ankle angle to induce more propelled
force for faster walking, and vice versa.

This control system enables dynamic adaptation to ca-
dence variations for synchronized and comfortable assis-
tance. However, gait segmentation and cycle adjustment
remain limited, especially only the pressure sensor is in-
troduced at the beginning. Pressure sensors often produced
overlapping or unstable signals, failing to reliably distinguish
swing sub-phases, as shown in Fig. 6. In contrast, dorsum
IMU signals exhibited distinct features corresponding to
swinging gait phases: gyroscope peaks highlighted Phases 1
and 5 (Fig. 7), while quaternion components captured Phases
4 and 5 (Fig. 8). Therefore, with the combination of IMUs
and pressure sensors, the device can robustly distinguish all
five gait phases.

Therefore, seven sensors were decided to install on to the
device (three MPU9250 IMUs on the shank, dorsum, and
toe; and two pressure sensors) [34]. IMUs are especially
added to identify the difference between phase 4 and phase
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Fig. 5. Estimation of target walking cycle using combination of linear
regression and quadratic fitting [33].

Fig. 6. Results of pressure sensor data, in which shows that the data
fluctuated significantly during different gait phases. The left figure is the
heel pressure data, and the right figure is the toe pressure data. The pressure
data is not able to distinguish the pre-swing and swing phase.

Fig. 7. Dorsum IMU gyroscope y-axis peaks corresponding to gait Phases
1 and 5.

Fig. 8. Dorsum IMU quaternion components and signals highlighting gait
Phases 4 and 5.

5, which is directly effecting the user’s safety as mentioned
in 1. Additionally, we noticed that the device is not providing
enough torque in the toe off phase in practical use.

To address these issues, this research proposed a method
to (i) fuse different sensor data for phase determination, (ii)
use partical swam optimization method to let the machine
to learn from collected dataset, and (iii) discuss about the
difference when mixing different control method in different
phase.

III. SENSOR FUSION BASED PHASE DETECTION

A. Phase Recognition with Fused Sensors

As established in the previous section, neither plantar-
pressure sensors nor inertial measurement units (IMUs) alone
can robustly identify all five gait phases due to inherent
limitations. To address this, the fusion model is proposed
to combine the strengths of both sensor modalities. It is
modeled as a linear combination of n normalized sensor
signals, with feature vector S(t) = [s1(t), . . . , sn(t)]

T and
coefficient vector ω = [ω1, . . . , ωn]

T . The model is defined
as Eq. 1, where si(t) denotes the normalized sensor input at
time t, and ωi is the weighting coefficient that determines
its contribution.

The expected output P (t) is a continuous scalar function
that can be discretized into integer labels from 1 to 5,
each representing the timing of Heel Strike, Foot Flat, Heel
Off, Toe Off, and Mid Swing. IMU-derived accelerations
and angular velocities capture limb dynamics, quaternion
components encode foot orientation, and plantar pressure
signals describe ground contact. Together, these features
form a continuous representation of gait evolution over time.

P (t) =

n∑
i=1

ωi · si(t) (1)

B. PSO-Based Coefficient Optimization

Although the linear formulation of the P-value is straight-
forward, the parameter space is high-dimensional and the
mapping between sensor signals and gait phases is nonlinear.
Manual selection of coefficients is therefore impractical,
motivating the use of Particle Swarm Optimization (PSO)
[35] to automatically identify the weight set that maximizes
recognition accuracy. The optimization criterion is defined as
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Fig. 9. Flowchart of the PSO Algorithm for Weight Optimization.

Eq. 2, where Ncorrect is the number of correctly recognized
phases using coefficients w, and Ntotal is the total number of
labeled samples. By minimizing J(w), PSO converges to an
optimized coefficient vector that balances IMU, orientation,
and plantar pressure contributions. Training was performed
using synchronized IMU and plantar-pressure data with
motion-capture labels as ground truth.

J(ω) = 1− Ncorrect(ω)

Ntotal
(2)

The training process is as illustrated in Fig. 9. After
raw sensor signals are collected from the device, they are
preprocessed to reduce noise on the dataset. For preprocess-
ing, IMU angular velocities is collected directly from the
MPU9250’s digital motion processing (DMP), which already
provided with low-passed, stablized quaternion data. Then,
the angular velocities were high-pass filtered to remove the
long-term drift, using a cutoff frequency of 0.1 Hz. Later, the
filtered signals were substituted into the model function with
PSO-optimized coefficients to do phase estimation. Then, the
estimation is compared against the ground truth labels to
get the error, which is used for optimization. This training
process allows us to find the most robust coefficients for the
model to robustly estimate five gait phases across both stance
and swing.

With the correct model being found by the PSO optimiza-
tion, stable recognition of all five gait phases is achieved.
Leveraging this capability, this method is integrated in to the
controller in Fig. 4. During walking, IMU and pressure sen-
sors capture motion and form a normalized feature vector s,
which is weighted by the optimized coefficient vector ω and
processed by the microcontroller. The controller computes
the recognition score P and, once hysteresis and dwell-time
conditions are met, triggers updated control targets—walking
cycle WT , the ankle angle trajectory θT , or the target torque
TT —that are transmitted through a converter to the actuator.

IV. HYBRID ASSIST FOR WALKING PHASES

The assist strategy for each phase still remains to be de-
fined. Previous studies utilized only speed control, resulting

Fig. 10. Control strategy schematic showing four assistive modes across
five gait phases.

Fig. 11. An example promoting method of ankle assist device.

in limited supportiveness on human motion. As a result, a
hybrid control strategy is proposed, in which torque, speed,
or no output control (free mode) is applied depending on
the gait phase, as illustrated in Fig. 10. The condition we
focused the most in this research is phase 3, which provides
the user a forward inertia for stable walking. Therefore, the
torque control is applied in this phase, while other phases
remain using speed control. Additionally, we tested the effect
of free mode in phase 1 and phase 5, which are providing
the user a margin to adjust their gait pattern according to the
environment, which is expected to reduce the mechanical
resistance and improve the comfort.

Different feedback controllers are used depending on the
motor outputting method: a PID loop regulates ankle angle
θ when the speed control method is utilized, while a PI loop
regulates torque T for torque control method. A gait-phase
scheduler is implemented to determine the control angle or
torque that is required in the current timing of the gait cycle,
including switching between different controllers and adjust
the target value. The half timing concept is utilized to ensure
the device is always one step ahead of the user, as shown
in Fig. 11, where the motor is always moving slightly faster
than the user, and wait for the next phase to start [33].
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Fig. 12. Phase judgement in one cycle. P-value with reduced sensors,
stably recognizing all five phases, while Pressure-only method, showing
misclassifications and zero outputs.

Fig. 13. Average phase recognition accuracy of all participants.

V. EXPERIMENT AND DISCUSSION

A. Phase Estimation

To evaluate the proposed P-value method, treadmill experi-
ments were conducted with six healthy male participants (age
23-26 years, height 167-177 cm, weight 62-73 kg) to evaluate
the accuracy of the proposed method. Participants are asked
to walk at different speeds (2, 3, and 4 km/h), and all signals
were synchronously recorded at 100 Hz using the ankle-assist
device. The sensor readings have been collected and analyzed
beforehand, in which we discovered only using two IMUs
(shank, dorsum) and two pressure sensors (toe, heel) shows
significance in practical applications. Therefore, these sensor
values are used during the experiment Additionally, the video
is recording the user’s motion on the treadmill, which is used
to determine the ground truth of gait phases using Tracker
[36].

Recognition accuracy was quantified against a reference
trajectory using Eq. 3, where ncorrect is the number of
correctly identified phases and nall is the total number of
samples. This metric reflects the proportion of accurate clas-
sifications, with higher values indicating better performance.

Accuracy =

(
ncorrect

nall

)
× 100% (3)

The training results are shown in Fig. 12, in which the one
using the proposed method is on the left, and the original
pressure sensor phase determination method is on the right.
The proposed method is more accurate than the original

method. Additionally, it remains more stable in recognizing
the gait phase compared with the pressure-only method,
which the latter frequently misclassifies phases that may
cancel out the output from the device.

On the statistical side, accuracy mostly improved from
57.48% with pressure sensors to 70.61% with the P-value
method at 4 km/h, as shown in Fig. 13. This demonstrates the
coefficients trained using PSO were transferred effectively to
simplified hardware and confirm the robustness of the fusion
approach.

This presented experiment confirmed that PSO-optimized
coefficients generalized well, showing better estimation of
gait phases on different walking speeds on different partici-
pants. It is considered as a promising method to improve the
accuracy of gait phase recognition, due to the fact that human
walking pattern is not fixed and varies between 2-4 km/h,
and it is able to improve the general recognition accuracy.
Together, these results demonstrate that the proposed method
provides a robust and practical foundation for phase-specific
control in the ankle-assist device.

B. Mixed Control Evaluation

To evaluate the impact of different assistive control strate-
gies on gait performance and physiological effort, treadmill
experiments were conducted with walking distance and heart
rate change as the primary outcomes. Greater distance within
the fixed trial duration was interpreted as enhanced mobility,
while smaller heart rate increases reflected reduced physi-
ological load. Six healthy adult volunteers without gait or
cardiovascular disorders participated.

The ankle-assist device was applied bilaterally using stan-
dardized fastening protocols to ensure consistent fit. Each
subject completed four trials: three under distinct control
modes and one unassisted baseline. Trial order was ran-
domized to minimize sequence effects, and participants were
blinded to the active mode. Each trial consisted of 15 minutes
of treadmill walking at a comfortable, self-selected pace,
followed by a 10-minute seated rest for recovery.

Gait and physiological data were sampled at the 2nd and
14th minutes of each trial to capture temporal changes. Stride
length, cadence, and heart rate were extracted as outcome
measures, with gait data analyzed using Kinovea software
[37] and heart rate continuously recorded with an Apple
Watch [38]. Relative heart rate change was calculated to
quantify physiological effort across assistive modes.

To compare the three assistive control strategies, key
biomechanical and physiological indicators were analyzed
from the walking trials. The group-level outcomes included
total walking distance, relative change in heart rate, and
proportional changes in stride length and cadence between
the 2nd and 14th minutes. These parameters capture both the
physiological demands and gait adaptations under different
control conditions. Walking distance was computed accord-
ing to Eq. 4.

D =
C × S × Time

2
(4)
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where D is walking distance [m], S is stride length [m],
C is cadence [step/min] and Time [min]. This formulation
reflects the product of step frequency, average stride length,
and total walking duration, yielding a consistent estimate of
locomotor output across conditions.

Statistical analysis employed the Wilcoxon signed-rank
test for pairwise comparisons and the Friedman test for
repeated measures [39], [40], with significant differences
annotated in the plots. Heart rate change, stride length change
rate, and cadence change rate were all derived using the
relative change formula in Eq. 5, where x represents the
measured variable at the specified timepoints—namely, heart
rate, stride length, or cadence, CR is the change rate.

CR =
xend − xstart

xstart
× 100% (5)

The experimental outcomes highlight four key findings
on how control strategies affect physiological load and
gait dynamics. Heart rate change, cadence, stride length,
and walking distance were analyzed across six participants.
Modes 1-3 correspond to full-phase speed, torque-plus-
speed, and torque-plus-free strategies, while w/o indicates
walking without assistance. Error bars denote standard error
(SE), and *, **, and *** indicate p < 0.05, p < 0.01, and
p < 0.001, respectively.

Average walking distance increased from 251 m in the w/o
condition to 282 m in Mode 3 (p < 0.05), but dropped to
225 m in Mode 1 (p < 0.01) (Fig. 14). Heart rate change de-
creased from 20% (w/o) to 10% in Mode 3 (p < 0.01) (Fig.
15). For cadence and stride length, all three modes with w/o
show the trend of increasing in Figs. 16-17. Since cadence
and stride length varied differently across participants—some
increasing and others decreasing—we further calculated their
ratios to enable fair comparison, as illustrated in Fig. 18, both
Mode 1 and Mode 2 showed reductions compared with w/o,
whereas Mode 3 improved stride length and reduced cadence.
Together, these results underscore the dual benefit of Mode
3, improving both biomechanical output and physiological
efficiency.

To visualize relative improvements, Figs. 19 show the
ratios of walking distance and heart rate change between
mode combinations. Each ratio is computed by dividing
the value of one mode by another (e.g., w/o:m1 is the
distance in Mode 1 divided by that in w/o). In Fig. 19a,
w/o:w/o serves as the baseline, significant differences were
observed in comparisons between w/o:w/o and w/o:m1 (**),
w/o:w/o and w/o:m3 (*), w/o:m1 and w/o:m2 (***), w/o:m1
and w/o:m3 (***), and w/o:m2 and w/o:m3 (*). For heart
rate change (Fig. 19b), significant differences were found
between w/o:w/o and w/o:m2 (*), w/o:w/o and w/o:m3 (**),
w/o:m1 and w/o:m3 (***), and w/o:m2 and w/o:m3 (*). SE
bars are shown, and w/o to m3 follow the mode definitions
above. These results confirm that mixed-control strategies,
especially Mode 3, improve gait performance and reduce
physiological load compared with baseline.

Regarding the CR of cadence and stride length, both
Mode 1 and Mode 2 showed minimal improvement com-

Fig. 14. Average walking distance in 15 minutes across different modes
under user’s own comforting walking speed.

Fig. 15. Average heart rate change before and after 15 minutes walking
under across different modes.

Fig. 16. Mean cadence across modes at 2 and 14 min under user’s own
comforting walking speed.

Fig. 17. Mean stride length across modes at 2 and 14 min under user’s
own comforting walking speed.
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Fig. 18. Ratio comparison of average change rate of cadence and stride
length under user’s own comforting walking speed.
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Fig. 19. Comparing ratio of change rate between modes and without-
assustabce. (a) Comparing ratio of walking distance under user’s own
comforting walking speed. (b) Comparing ratio of heart rate change under
user’s own comforting walking speed.

pared with the without-assistance condition. In fact, Mode
1 even reduced stride length, suggesting a potential negative
effect, while Mode 2 with torque assistance failed to yield
substantial benefits. By contrast, Mode 3 demonstrated clear
gait enhancement, with increased cadence and decreased
stride length, indicating a lighter and more effortless walking
pattern.

A direct comparison between Mode 1 and the baseline
highlights the limitations of non-phase-aware assistance.
Mode 1, which followed fixed speed trajectories from healthy
gait templates, paradoxically increased cardiovascular load
and reduced walking distance. This outcome can be ex-
plained by the device’s reliance on preset cycle ratios,
which constrain ankle motion during push-off. When users
attempted to “kick more” through plantarflexion at the end of
Phase 3, the trajectory limits generated resistance, reducing
propulsion effectiveness. Furthermore, because participants
walked at self-selected speeds, some consciously slowed
their cadence to stay synchronized with the device, which
further reduced efficiency. These combined factors explain
the decreased walking distance and elevated heart rate under
Mode 1.

Modes 2 and 3 improved performance by adopting torque

control in Phase 3, which reinforced users’ voluntary plan-
tarflexion rather than opposing it. Among them, Mode 3
consistently outperformed Mode 2 in walking distance and
heart rate reduction. The key distinction lies in Mode 3’s free
control during Phase 1 and Phase 5, where torque demand
is minimal and joint motion changes rapidly. Allowing the
ankle to move freely in these phases reduced mechanical
interference and improved biomechanical compatibility. This
mixed strategy—targeted torque support in propulsion and
passive motion in low-demand phases—reduced physiologi-
cal load, preserved natural rhythm, and enhanced gait com-
fort.

These results indicate that Mode 3 achieves the best bal-
ance of assistance and user adaptability, offering a promising
foundation for future clinical applications.

VI. CONCLUSION

This study developed and validated an ankle-assist system
that adapts motor output to gait phases through sensor fusion
and mixed control. By integrating IMU and plantar pressure
data with phase-specific switching among speed, torque, and
free modes, the system achieved accurate phase recognition
and targeted motor support. Experiments demonstrated that
mixed control outperformed single-mode strategies, improv-
ing cadence, stride length, and walking distance while re-
ducing cardiovascular load and maintaining user comfort.
These results confirm the effectiveness of adaptive, phase-
specific assistance in enhancing gait efficiency and reducing
effort. However, the currennt system is only limited to
a certain walking speed, and validated on young healthy
males. It is expected to be validated on elderly and impaired
populations in the future. Looking ahead, the system can
be extended to user-specific gait patterns, speeds, and ter-
rains, with advanced learning methods further refining phase
recognition and adaptive control. With large-scale validation,
this approach has strong potential for rehabilitation and daily
mobility support in elderly and impaired populations.

APPENDIX

Video of the results can be seen on the following link:
https://youtu.be/93YIq_J7qe8
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