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Abstract— The constraints of cable-driven actuation have
largely limited mediolateral (ML) assistance from soft exosuits
to hip abduction. To address this limitation, we developed
a soft pneumatic exosuit actuated by pneumatic artificial
muscles (PAMs) capable of providing bidirectional assistance
to both hip abduction and adduction to guide the wearer’s
step width. Given the challenges in accurately modeling PAM-
driven systems, we propose a Human-in-the-Loop (HIL) ap-
proach that treats the human-exosuit system as a black box
and uses Bayesian optimization to tune control parameters.
In walking experiments with two healthy participants, the
proposed HIL framework successfully identified participant-
specific PI gains during the parameter tuning session. In the
subsequent validation, the controller based on the optimized
gains reduced the mean step-width RMSE by 43.4 % for
Participant 1 and 26.8 % for Participant 2 compared with the
condition without assistance. The optimized gains also provided
an additional improvement of 3.76 % for Participant 1 and
1.07 % for Participant 2 relative to the controller with initial
gains. These results indicate that the proposed approach offers a
practical method for personalizing assistance in soft pneumatic
exosuits and contributes to the development of devices that
enhance ML balance.

I. INTRODUCTION

A. Background

Research on wearable robots for walking assistance has
been actively conducted [1]; however, most existing studies
have focused on assistance in the anteroposterior (AP) di-
rection. In contrast, maintaining stability during walking also
requires control of balance in the mediolateral (ML) direction
[2]. Older adults and patients with neurological disorders
often exhibit diminished ML balance control, increasing the
risk of falls [3]. Adjustment of step width is a primary
strategy for maintaining ML balance [4]. Because wider steps
improve lateral stability but increase energy expenditure [5],
[6], step width should be regulated“ as wide as necessary,
but no wider”. Thus, the ability to appropriately adjust step
width is an important rehabilitation target for independently
ambulatory older adults and patients.

Various wearable robots have been developed to facilitate
step-width modulation [7], [8]. However, most of these
devices employ rigid exoskeletal structures driven by heavy
electric motors, which limit backdrivability and hinder the
wearer ’s natural movement. This limitation has motivated
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the development of soft, lightweight, and flexible wearable
robots, namely, exosuits.

Soft exosuits, mainly composed of textiles, aim to reduce
mechanical stress on the wearer and have attracted increasing
research interest [9]. Studies addressing the ML direction
have included assisting hip abduction to reduce knee adduc-
tion moments [10] or metabolic cost [11]. However, research
on soft exosuits that assist both hip adduction and abduction
to actively modulate step width is very limited. This scarcity
is partly due to challenges in actuation. The cable-driven
systems common in many suits require separate motors for
bidirectional movements like abduction and adduction, which
complicates the hardware design. On the other hand, soft
pneumatic exosuits, which use pneumatic artificial muscles
(PAMs), have also been proposed [12]. PAMs offer a high
power-to-weight ratio while keeping the hardware simple.
However, their strong nonlinearity and hysteresis pose a
significant challenge to the accurate modeling required for
precise, model-based control, thereby limiting related re-
search [13], [14].

The Human-in-the-Loop (HIL) approach offers a solu-
tion to the aforementioned challenge of complex exosuit
modeling. This method achieves personalized assistance by
estimating unknown control parameters in real-time during
gait assistance, based on physiological signals or output
errors. One study reduced metabolic cost by 17.4 % by
optimizing assistive force using Bayesian optimization (BO)
based on respiration-derived metabolic estimates [16]. These
studies indicate that the HIL approach is a powerful method
for real-time estimation of unknown control parameters and
for providing personalized assistance.

B. Purpose of This Paper

This study proposes a control method for a soft exosuit
that guides a wearer’s step width toward a reference value.
We developed a pneumatic soft exosuit that assists hip
abduction and adduction using PAMs, and adopted a HIL
approach that treats the human–exosuit system as a black
box. Specifically, we designed a PI controller that uses
step-width error as its input and automatically identifies its
gains for each participant via BO [17], [18]. Finally, we
validated the effectiveness of the proposed method through
experiments with human participants.
Research Questions. This study addresses two key ques-
tions:

• Feasibility of Step-Width Guidance: Can a soft ex-
osuit guide a wearer’s step width toward a reference
value?
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Fig. 1. Developed soft pneumatic exosuit, which assists hip abduction and
adduction motion.

Fig. 2. The soft pneumatic exosuit assists the wearer’s hip movements.
For clarity, the figure only displays the two PAMs contributing to the right
leg’s abduction and adduction motions. The assistance is symmetrical for
the left leg.

• PAM Control Strategy: How should the supply pres-
sure of PAMs be controlled to achieve this guidance?

Contributions. The main contributions of this work are:
• Bidirectional Soft Exosuit: Development of a pneu-

matic soft exosuit capable of assisting hip abduction
and adduction, enabling step-width modulation.

• HIL-Based Gain Tuning: A control method that uses
a Human-in-the-Loop framework with Bayesian opti-
mization to automatically tune PI gains, treating the
human–exosuit system as a black box.

II. DEVICE AND METHOD

A. Soft Pneumatic Exosuit

Fig. 1 shows the developed soft pneumatic exosuit driven
by PAMs. The four PAMs are attached to the wearer’s thighs,
and their contraction force assists the wearer’s hip abduction
and adduction motions, as shown in Fig. 2. This motion
assistance guides the wearer’s step width toward a reference
value. The PAMs were made by the Bridgestone Corporation,
and their diameter is 25 mm, their length is 150 mm, and their
weight is 123.0 g.

The textile components of the soft exosuit consist of a
waist belt (MEDIAID; mass, 269.5 g) and two thigh support-
ers (EXCITESPORTS; mass, 202.5 g). To transmit the PAM
tension to the wearer’s body, anchor tags are sewn onto each
textile component at positions empirically determined to be
effective for providing abduction and adduction assistance
during the swing phase. The actuators are secured by con-
necting these tags to the end-fittings of the PAMs using zip
ties.

The total mass of the wearable components is 1.175 kg,
which mitigates the physical load on the wearer. A unique
feature of this soft exosuit is the absence of electrical sensors
on the wearable components. This feature enhances the

soft exosuit’s usability by eliminating the need for sensor
calibration and simplifying the donning process. The control
system of the soft exosuit is described in detail in the
following section.

B. Step Width Controller
In this study, we designed a PI controller to guide the

wearer’s step width to a reference value. The controller uses
the error between the measured and reference lateral position
of each foot as input to determine the supply pressure to the
PAMs.

The control variables were measured using an optical
motion capture system (Fig. 3). Markers were attached to
the navel, hips, knees, ankles, and toes. The controller input,
the lateral foot position y∗(t), was defined as the mediolateral
coordinate of the toe in a trunk-centered frame whose origin
was the navel. The reference lateral position y∗ref(t) was set
symmetrically about the trunk centerline, and the step-width
error was defined as:

e∗(t) = y∗ref(t)− y∗(t), where ∗ ∈ {right, left}. (1)

Based on this error e∗(t), the reference pressure values,
p∗, abd

ref (t) and p∗, add
ref (t), are calculated for the two types of

PAMs that drive hip abduction and adduction.
This control scheme switches the actuated PAM based

on the sign of the step-width error e∗(t) and introduces a
deadband so that no assistance is provided when the error is
sufficiently small. To describe this behavior, we first define
the effective error outside the deadband as

e∗eff(t) =

{
e∗(t)− sgn

(
e∗(t)

)
δ , |e∗(t)|> δ ,

0, |e∗(t)| ≤ δ ,
(2)

where δ = 0.025 m is the deadband width. When e∗eff(t)> 0,
the controller drives the abduction PAM; when e∗eff(t)< 0, it
drives the adduction PAM.

During the swing phase of the k-th step, from tstart,k to
tend,k, the selective activation of each PAM is represented by
the gating functions

Γ+
k (t) =

{
1, tstart,k ≤ t < tend,k and e∗eff(t)> 0,
0, otherwise,

(3)

Γ−
k (t) =

{
1, tstart,k ≤ t < tend,k and e∗eff(t)< 0,
0, otherwise,

(4)

so that at most one PAM is active at any time and both PAMs
are inactive during stance.

Using these definitions, the reference pressures for the
abduction and adduction PAMs are given by the following
PI control law:

p∗,abd
ref (t) = Γ+

k (t)
(
KPe∗eff(t)+KII+k (t)

)
, (5)

p∗,add
ref (t) = Γ−

k (t)
(
−KPe∗eff(t)+KII−k (t)

)
, (6)

where the integral terms accumulate the effective error only
while each PAM is active:

I±k (t) =
∫ t

τ±k (t)
Γ±

k (τ)(±e∗eff(τ))dτ, (7)

τ±k (t) = sup
{

τ ≤ t
∣∣τ ∈ [tstart,k, tend,k), Γ±

k (τ) = 0
}
, (8)
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Fig. 3. An overview of the proposed Human-in-the-Loop system. The Reference Step Width (SW) Generator generates a reference step width from
a uniform distribution and determines the corresponding reference leg position, yyyref = [yright

ref , yleft
ref ]

T . Based on the error, eee = [eright, eleft]T , between the
leg position of the wearer, yyy = [yright, yleft]T , measured by motion capture, and this reference, the Step Width Controller outputs a reference pressure,
pppref = [pright, add

ref , pleft, add
ref , pright, abd

ref , pleft, abd
ref ]T , to the soft pneumatic exosuit. Bayesian Optimization then optimizes the PI gains, θθθ = [KP, KI]

T , for
each wearer by minimizing the objective function, f (θθθ).

Fig. 4. (a) Motion capture markers used to estimate posture. (b) Definition
of the step-width error.

which resets the integral at each activation of the corre-
sponding PAM. During the stance phase, Γ+

k (t) and Γ−
k (t)

are zero, and the reference pressures and integral states are
set to zero, where KP [kPa/m] and KI [kPa/(m · s)] denote
the proportional and integral gains, and tstart,k [s] and tend,k
[s] are the start and end times of the k-th swing phase.

C. Objective Function for Optimization

In this control system, the magnitude of the haptic feed-
back that guides the wearer’s step width to a reference value
is adjusted by the PI gains, θθθ = [KP, KI]

T . Therefore, a
quantitative evaluation metric is required to identify wearer-
specific gains θθθ . In this study, the objective function f (θθθ)
was defined as a quantitative evaluation metric. This function
was designed to assess two aspects: (1) the control per-
formance in guiding the wearer ’s step width toward the
reference trajectory, and (2) the ability to prevent excessive
increases in the reference pressure. To mitigate the influence
of instantaneous fluctuations in the evaluation values, the
objective function was computed as the time-averaged value
over the entire evaluation period. The function is expressed
as follows:

f (θθθ)=
1
N

N

∑
i=1

(
we∥eee(ti)∥2

2 +wp
∥∥max

(
000, pppref(ti;θθθ)− plim111

)∥∥2
2

)
,

(9)
where N is the number of samples collected during the
evaluation period; eee = [eright,eleft]T is the step-width error
vector; and pppref = [pright, add

ref , pleft, add
ref , pright, abd

ref , pleft, abd
ref ]T

is the reference pressure vector. The weighting coefficients

we and wp were determined experimentally to be we = 103

and wp = 10−5. plim = 500 kPa denotes the upper limit of
the reference pressure, and 111 is a vector whose elements are
all one. A smaller value of f (θθθ) indicates a better set of
parameters.

D. Bayesian Optimization

In this study, we aim to optimize the PI control gains
θθθ = [KP,KI]

T based on the objective function f (θθθ) defined
in Section II-C. To achieve this, we adopted BO, a method
well suited for finding the global optimum of expensive-to-
evaluate objective functions within a limited number of trials.
The parameter search domains were set to KP ∈ [0,20203]
and KI ∈ [0,34358]. These bounds were determined such that
the reference pressure pref would not exceed the upper limit
plim even when only the proportional or the integral term was
active. Specifically, the upper bounds were defined based on
the standard deviation of the step width observed at a large
step-width condition [19].

In our BO framework, we used a Gaussian process (GP)
as a surrogate model for the objective function. We assume
that our observation of the objective function, y, is the true
function value, f (θθθ), corrupted by an additive noise term
that follows a Gaussian distribution with a mean of zero and
a variance of σ2

noise. This observation model is expressed as
follows:

y = f (θθθ)+ ε, where ε ∼ N (0,σ2
noise). (10)

To define the GP prior, we adopted the anisotropic radial
basis function kernel, a standard approach [18], to account
for the assumed different scales of influence of the gains
KP and KI on the objective function. The kernel function is
expressed as follows:

k(θθθ ,θθθ ′) = σ2
signal exp

(
− 1

2
(θθθ −θθθ ′)T ΛΛΛ−1(θθθ −θθθ ′)

)
, (11)

where σ2
signal is the signal variance, and ΛΛΛ = diag(l2

P, l
2
I )

is a diagonal matrix containing the squared length
scale, l, for each dimension. The GP hyperparameters,
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[σ2
signal, lP, lI, σ2

noise], were updated each time a new data
point was added by maximizing the log marginal likelihood.

The next gain to be evaluated, θθθ n+1, was selected as the
point that maximizes the acquisition function, which was
chosen to be the Expected Improvement (EI) [18]. The EI is
given by the following closed-form expression:

EI(θθθ) = ( fmin −µn(θθθ))Φ(Z)+σn(θθθ)ϕ(Z), (12)

where
fmin = min

i=1,...,n
fi, Z =

fmin −µn(θθθ)
σn(θθθ)

,

and, µn(θθθ) and σn(θθθ) are the posterior mean and standard
deviation of the GP at a candidate point θθθ , respectively;
and Φ(·) and ϕ(·) are the cumulative distribution function
and probability density function of the standard normal
distribution, respectively.

III. EXPERIMENT WITH HUMAN PARTICIPANTS

A. Participants

Two healthy male adults (n = 2; age,23.5 ± 0.7 years;
mass,57.0±1.4 kg; height,1.71±0.01 m; mean±S.D.) par-
ticipated in this study. The study was approved by the Ethics
Committee of the Graduate School of Information Science
and Technology, The University of Tokyo (Approval No. UT-
IST-RE-250402-2), and all participants provided informed
consent prior to the experiment.

B. Experimental Setup

In this study, the device’s PAMs were connected to
pneumatic servo valves (Festo, MPYE-5-1/4-010-B) via
polyurethane tubes with a length of 4.5 m (PISCO, UBT
series), which controlled the amount of air supplied to the
PAMs. The participant’s motion was measured at a sampling
frequency of 500 Hz using a six-camera motion capture
system (Qualisys, Miqus M3 camera). Participants walked
on a fixed-speed treadmill (Circle Fitness) during the mea-
surements. Markers were attached to the participant’s body

Participant 2Participant 1

(a) (b)

Fig. 5. Progression of the observed objective function values versus
the number of iterations. (a) shows the data for participant 1 and (b) for
participant 2.

TABLE I
OPTIMIZED GAINS θθθ ∗ AND BEST INITIAL EXPLORATION GAINS θθθ init .

Participant
Optimized θθθ∗ Initial θθθ init

KP KI KP KI
[kPa/m] [kPa/(m · s)] [kPa/m] [kPa/(m · s)]

1 7.68×103 1.17×104 1.12×104 1.30×104

2 4.65×103 8.76×103 1.24×104 7.82×103

at the same locations as described in Section II-B. The 3D
coordinates of the markers were measured in real time by the
motion capture system’s dedicated software and transmitted
to a control PC via a TCP/IP network. Additionally, four
pressure sensors (SMC, PSE510) were used to measure the
internal pressure of the PAMs. The entire control software
was developed on the control PC using Python, C++, and
ROS (Robot Operating System). BO was implemented using
GPyOpt [20].

C. Experimental Protocol

The experiment consisted of three sessions conducted on a
single day: familiarization, parameter tuning, and validation.
All trials were conducted at a constant speed of 1.11 m/s for
all participants.

First, in the familiarization session, participants wore the
soft exosuit and walked on the treadmill. The soft exosuit was
controlled using the PI gains that had been pre-optimized for
the author through preliminary experiments with BO. This
session continued until each participant verbally reported that
they had sufficiently adapted to the device’s assistance.

Subsequently, in the parameter tuning session, the PI gains
were adjusted via BO. Participants were instructed before-
hand to adjust their step width while walking, following
the guidance from the external forces applied by the soft
exosuit. During this period, the reference step width changed
uniformly at random every ten seconds within a range of
[0.15,0.35] m. A five-minute rest followed, during which
participants remained in the soft exosuit.

Finally, the validation session compared three conditions
to assess the controller’s effectiveness:“Optimized Assis-
tance”,“ Initial Assistance”, and“ No Assistance”. In
the first two conditions, the exosuit provided haptic guidance
using either the optimized gains θθθ ∗ or the best gains from
the initial exploration, θθθ init. In the No Assistance condition,
participants manually adjusted their step width to match
a verbally presented reference without assistance. Before
the No Assistance condition, participants visually confirmed
the reference step-width range, [0.15,0.35] m, using a ruler
placed at their feet. Each condition included three 3.5-min
trials, and the order of conditions was counterbalanced to
minimize order effects.

The evaluation method was to calculate the root mean
square error (RMSE) between the measured step width
and the presented reference value for each condition. In
addition, to examine whether the soft exosuit influenced
other gait parameters beyond step width, step length was also
evaluated. In each condition, participants performed 3.5-min
trials, and the central 3.0 min of each trial was used as the
analysis interval.

IV. RESULTS AND DISCUSSION

A. Optimization of PI Gains

Fig. 5 shows the progression of the observed values of
the objective function versus the number of iterations for
participants 1 and 2 during the parameter tuning session.
After the six initial exploration iterations, the optimization
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Fig. 6. Predicted response surface and Expected Improvement (EI) of the objective function f (θθθ) for participants 1 and 2 at the final iteration. (a) and
(c) show the observed values and the predicted response surface of the objective function f (θθθ) while (b) and (d) show the corresponding EI.

TABLE II
RMSE OF STEP WIDTH UNDER EACH CONDITION.

Participant Step-Width RMSE [m] (↓)

Optimized θθθ ∗ Initial θθθ init No Assistance

1 Mean 0.0588 0.0611 0.1039
S.D. 0.0039 0.0013 0.0039

2 Mean 0.0555 0.0561 0.0758
S.D. 0.0016 0.0027 0.0044

Fig. 7. Time-series data of the step-width error and the supply pressure to
the right-leg PAMs of the device.

was performed, and the minimum value of the function was
progressively updated. However, the fact that the observed
values do not decrease monotonically suggests that the
acquisition function, EI, functioned as intended by balancing
the trade-off between exploration and exploitation.

The final predicted response surface of the objective
function f (θθθ) is shown in Fig. 6. The surface confirms that
the optimal gain θθθ ∗ differed between participants. In regions
where Kp and KI are large, the objective function increases,
indicating that parameter combinations causing the reference
pressure to exceed its upper limit were effectively penalized.
Furthermore, the concentration of sampled points around the
optimal point in the parameter space demonstrates that BO
efficiently explored its vicinity.

B. Validation of Controller

Table II summarizes the step-width RMSE during the
validation session. For both participants, the assisted con-
ditions―Optimized Assistance and Initial Assistance ―sub-
stantially reduced RMSE compared with the No Assistance

Fig. 8. Time-series data of the reference and measured step width for
Participant 1 during the validation session. Subplots (a), (b), and (c) show
the Optimized Assistance, Initial Assistance, and No Assistance conditions,
respectively.

condition. Specifically, Optimized Assistance decreased the
mean RMSE relative to No Assistance by 43.4 % for Partic-
ipant 1 and 26.8 % for Participant 2, and Initial Assistance
achieved comparable reductions. These improvements are
large compared with the trial-to-trial standard deviations,
indicating a robust effect of the exosuit assistance on step-
width tracking accuracy. In contrast, the comparison be-
tween Optimized Assistance and Initial Assistance shows a
consistent but more modest advantage of Optimized Assis-
tance: the mean RMSE was reduced by 3.76 % for Partici-
pant 1 and 1.07 % for Participant 2, which is comparable to
the within-condition variability. Nevertheless, the consistent
trend across both participants suggests that Bayesian opti-
mization can refine the promising gains obtained from the
initial exploration and further improve tracking performance,
a possibility that will be examined more rigorously in future
experiments with a larger sample size.

Furthermore, Fig. 7 verifies that the PI controller func-
tioned as intended. The appropriate switching and shape of
the pressure waveforms, along with adherence to the 500 kPa
pressure limit, confirm that both the control logic and the
objective function’s penalty term were effective.

Fig. 8 presents representative time-series data of the ref-
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erence and measured step widths for Participant 1 under
the three conditions. In both Optimized Assistance and
Initial Assistance, the measured step width closely follows
the reference with only a small steady-state error, whereas
in the No Assistance condition a noticeable residual error
remains, particularly for larger reference step widths. The
waveforms of Optimized Assistance and Initial Assistance
are qualitatively similar, indicating that both gain settings
enable accurate tracking for this participant, with only minor
differences consistent with the RMSE results.

Stride-length analysis confirmed that the exosuit did not
affect AP-direction gait parameters. Participant 1 showed
nearly identical mean stride lengths across all conditions
(Opt: 0.6207 m, Init: 0.6213 m, No: 0.6157 m). Participant 2
exhibited similarly consistent means with no notable differ-
ences between assistance conditions.

Correlation analysis indicated that stride length and step
width were largely independent. Participant 1 showed weak
correlations across all conditions (Opt: r = 0.0280, Init:
r = 0.0978, No: r = 0.0525). Participant 2 similarly exhibited
nearly no correlation in all conditions (Opt: r = 0.0313,
Init: r =−0.0117, No: r =−0.2014). Taken together, these
results demonstrate that stride length and step width were
independent for both participants, with no correlations strong
enough to influence overall gait behavior.

V. CONCLUSION

In this study, we developed a soft pneumatic exosuit
specialized for hip abduction and adduction assistance, with
the objective of guiding a wearer’s step width to a reference
value during walking. We proposed a HIL approach that opti-
mizes the PI controller gains for each wearer using Bayesian
optimization and experimentally validated its effectiveness.

The experimental results from the parameter tuning ses-
sion demonstrated that the proposed method can automati-
cally identify participant-specific optimal gains, which varied
significantly between individuals. In the validation session,
Optimized Assistance and Initial Assistance both improved
step-width tracking accuracy compared with No Assistance,
and Optimized Assistance showed a consistent, though mod-
est, additional reduction in RMSE. These findings demon-
strate that the proposed soft pneumatic exosuit combined
with the HIL-based gain optimization provides an effective
and practical framework for personalized step-width guid-
ance. Looking ahead, this framework could be applied in
rehabilitation to train and enhance a wearer ’s step-width
adjustment ability, contributing to safer and more stable
walking.
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