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	 Step-width modulation contributes to mediolateral balance during walking, and soft exosuits 
are promising for providing step-width guidance with limited interference to natural movement. 
In a previous study, a human-in-the-loop (HIL) framework based on Bayesian optimization (BO) 
was proposed for step-width guidance using a soft pneumatic exosuit driven by pneumatic 
artificial muscles (PAM-SPE). However, its effectiveness was evaluated only in a limited user 
study (N = 2), with analysis restricted to the single factor of assistance condition. In this study, 
we further evaluated PAM-SPE-based step-width guidance with more participants (N = 7) using 
a two-factor analysis of assistance condition and dynamically varying reference step width 
(mean ± SD: 0.251 ± 0.061 m). The assistance conditions were initial assistance using the initially 
obtained parameters, optimized assistance using the parameters obtained via BO, and the 
unassisted condition. Both assistance conditions significantly outperformed the unassisted 
condition, while no significant difference was found between the initial and optimized 
conditions. Post-hoc analysis suggested that assistance was effective for medium-to-large 
reference step widths, but not for small ones, likely because of physical interference between the 
PAM-SPE and participants’ legs. The BO process in our hip abduction/adduction assistance 
system also varied across participants, consistent with previous findings on participant-
dependent HIL optimization.

1.	 Introduction

	 Walking stability is essential for daily mobility, sports activities, and independent living. In 
gait assistance, balance control is particularly important for older adults because impaired 
balance is associated with an increased risk of falls.(1) Step width is a representative parameter in 
mediolateral (ML) balance control,(2) one of the key directions of gait control.(3) Increasing step 
width enlarges the base of support in the ML direction and can improve robustness against 
disturbances. However, an excessively large step width increases mechanical and metabolic 
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costs and may reduce walking efficiency.(4) Therefore, assisting step-width modulation with the 
minimum necessary intervention is important for improving ML balance while preserving 
natural walking.
	 One promising approach to assisting step-width modulation is the use of a soft pneumatic 
exosuit (SPE) driven by McKibben-type pneumatic artificial muscles (PAMs).(5,6) PAM-SPE 
systems are attractive because of their lightweight and compliant characteristics,(7) but their 
practical implementation faces several challenges. These include the dynamic, adaptive, and 
difficult-to-model characteristics of the human wearer, as well as the nonlinear and hysteretic 
behavior of PAMs. In addition, the force transmitted to the body can vary with textile 
deformation, suit fit, and attachment conditions.(8,9) Responses to haptic assistance can also 
differ across participants because human motor learning involves sensory integration and error-
based adaptation.(10) To address these challenges, a human-in-the-loop (HIL) optimization 
framework for PAM-SPE was introduced as a complete black box, treating such human–machine 
systems, which involve numerous interacting components.(11) More broadly, HIL optimization 
has been widely applied to wearable robotic systems, particularly for gait assistance in the 
anteroposterior (AP) direction.(12–14) Inspired by these studies, a Bayesian-optimization (BO)-
based HIL framework was introduced(11) for the hip abduction/adduction assistance driven by 
PAM-SPE in the ML direction. In this framework,(11) BO treated the effects of the aforementioned 
multiple factors as part of a single black-box human–machine system and updated the assistance 
parameters in real time on the basis of the wearer’s actual walking responses. This enabled 
participant-specific optimization with fewer walking trials, without assuming an explicit 
analytical model or gradient for these factors.
	 Although the integrated PAM-SPE system was established in the previous study,(11) it did not 
provide a detailed user-study evaluation of its guidance effects. Therefore, as an initial step 
toward future applications in gait assistance, in this study, we further evaluate PAM-SPE-based 
step-width guidance in seven healthy adults, a larger participant group (N = 7) than in the 
previous study (N = 2), using an optimization framework slightly modified on the basis of the 
insights gained from that study. In particular, we introduce a two-factor statistical analysis that 
considers both the PAM-SPE assistance condition and the dynamically varying reference step 
width, whereas in the previous study, only the assistance conditions were compared.(11) This 
analysis enables us to examine the range of reference step widths over which PAM-SPE-based 
guidance is effective. We also report that the HIL optimization process in the ML direction 
differed across participants, consistent with the participant-dependent optimization processes 
observed in previous HIL optimization studies.(13,14)

	 The main contributions of this study are as follows.
•	 We evaluated PAM-SPE-based step-width guidance with a larger participant group (N = 7) 

than in the previous study (N = 2).(11)

•	 We conducted a two-factor statistical analysis incorporating both the assistance condition and 
the reference step width, enabling the evaluation of the effects of PAM-SPE-based step-width 
guidance across different reference step widths.

•	 We confirmed that the BO process varied across participants in the step-width adaptation 
experiment, consistent with previous findings on participant-dependent HIL optimization 
processes.(13,14)
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	 The remainder of this paper is organized as follows. Section 2 comprises a description of the 
materials and methods, including the hardware overview, step width controller, and HIL 
optimization. The experimental conditions, including the setup, participants, protocol, and 
statistical analysis, are described in Sect. 3. The experimental results and discussion are 
presented in Sect. 4. Finally, Sect. 5 concludes the paper.

2.	 Materials and Methods

	 In this section, we first describe the hardware configuration of our PAM-SPE, followed by 
the step-width P controller, HIL optimization, and the experimental procedures.

2.1	 Hardware design overview

	 Figure 1 shows our PAM-SPE used in this study. The exosuit uses the same hardware 
configuration as that reported in our previous study(11) and is designed to assist step-width 
modulation by providing hip abduction and adduction assistance during walking. To improve 
wearability and simplify the mechanical structure, the PAM-SPE covers only the hip region so 
as not to directly constrain the natural motion of the knee and ankle joints. The suit consists of a 
waist belt, left and right thigh supporters, and four PAMs anchored to these components. For 
each leg, one PAM is arranged for hip abduction and another for hip adduction. In particular, the 
adduction PAMs are arranged in a crossed configuration: the PAM contributing to the left leg is 
anchored to the right side of the waist belt, whereas the PAM contributing to the right leg is 
anchored to the left side of the waist belt. Each PAM is individually pressure-controlled by an 
external servo valve. Details of the hardware, including the dimensions, mass, PAM anchor-
point locations, and fixation method, are provided in our previous study.(11)

(a) (b)

Thigh Supporter

Waist Belt

PAM

Anchor Point

Nylon Belt

Fig. 1.	 (Color online) SPE used in this study. (a) Appearance of a person wearing the SPE. (b) Overall configuration 
of the SPE, consisting of a waist belt, thigh supporters, and PAMs for hip abduction and adduction assistance.
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2.2	 Step-width P controller

	 Figure 2 shows the system configuration of the step-width P controller and HIL optimization 
used in this study. In this study, we designed a P controller for step-width modulation to provide 
the wearer with haptic feedback corresponding to the step-width error in a more direct and 
immediate manner. In the previous study,(11) a PI controller was used; however, the integral term 
tended to accumulate small errors across steps. As a result, assistive force sometimes remained 
even when the step-width error was small, leading to the excessive correction of the wearer’s 
foot placement. Therefore, in this study, we adopted a P controller for step-width modulation to 
clarify the relationship between the step-width error and the corresponding assistance.
	 The input and output variables of the controller are defined using the same framework as in 
our previous study.(11) Specifically, the foot-position error vector is defined from the difference 
between the measured ML positions of the left and right feet in the body-centered coordinate 
system and their corresponding reference positions as , ,[ ] [ ,] [ ]

Ttoe R toe L toek k y ky ∆ = ∆ ∆ y . After 
deadband processing, the effective error vector , ,[ ] [ ,] [ ]

Ttoe R toe L toe
eff eff effk yk ky ∆ = ∆ ∆ y  is used as 

the control input. Here, k denotes the discrete time index, and R and L denote the right and left 
feet, respectively. Detailed definitions of these variables are provided in Appendix 1.

Fig. 2.	 (Color online) System configuration of the step-width P controller and HIL optimization used in this study. 
The motion capture system measures the ML foot positions of the wearer, and the step-width error is calculated from 
the difference between the measured and reference foot positions determined by the reference step width. The step-
width P controller converts the step-width error into reference pressures for the PAMs, and the low-level pressure PI 
controller regulates the servo valves so that the measured pressures track the reference pressures. During HIL 
optimization, the objective function is calculated from the step-width tracking error, and BO updates the 
proportional gain KP referring to the EI criterion.
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	 Depending on the sign of [ ]toe
eff k∆y , the reference pressure is assigned to either the abduction 

or adduction PAM for each leg. The reference pressures for the abduction and adduction PAMs 
are defined as 
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Here, abd and add denote abduction and adduction, respectively, and Kp denotes the proportional 
gain.
	 As shown in Fig. 2, the generated reference pressure vector [ ]ref kp  is fed into the low-level 
pressure PI controller. Here, [ ]kp  denotes the actual pressure vector of the PAMs measured by 
the pressure sensors, and [ ] [ ] [ ]refk k k∆ = −p p p  denotes the pressure tracking error between the 
reference and actual pressures. On the basis of this pressure error, the low-level pressure PI 
controller generates pressure commands for the servo valves so that the internal pressure of each 
PAM tracks the reference pressure [ ]ref kp .

2.3	 HIL optimization

	 In this study, the proportional gain of the step-width P controller, denoted as θ = KP, was 
adjusted for each participant through HIL optimization. The basic concept of sequentially 
exploring the gain on the basis of step-width tracking performance during actual walking is 
consistent with the previous study.(11) In contrast, because a P controller is employed for step-
width modulation in this study, the optimization variable, objective function, search domain, and 
step-width tracking task were revised accordingly.
	 In this study, the wearer’s tracking performance was evaluated using a step-width tracking 
task in which the participant tracked a reference step width updated every 10 s over a 60 s 
evaluation interval. BO was used for gain tuning, and the gain was sequentially explored so as to 
minimize the objective function by referring to the step-width error during the task.
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	 For initial sampling, the search domain was divided into four subregions, and one gain was 
uniformly sampled from each subregion. For each gain, a walking trial was conducted, and the 
observed value of the objective function was calculated from the step-width error obtained 
during the evaluation interval. Thereafter, the next gain to be evaluated was selected on the basis 
of the previously observed data, and the same procedure was repeated. Specifically, the 
following steps were repeated.
(1)	Present assistance using the selected gain.
(2)	Execute the reference step-width tracking task.
(3)	Measure the objective-function value.
(4)	Update the observed data.
(5)	Select the next gain to be evaluated.
	 In this study, the search was conducted for a total of 15 trials, including four initial sampling 
trials and up to 11 BO trials. The initial best gain was defined as the gain with the minimum 
objective-function value among the four initial sampling trials. The optimized gain was defined 
as the gain with the minimum objective-function value among the subsequent 11 BO trials. In 
the following subsections, the reference step-width tracking task, objective function, search 
domain, and BO procedure are described in detail.

2.3.1	 Step-width tracking task

	 To evaluate the wearer’s ability to track the reference step width, a reference step-width 
tracking task was defined. Each trial lasted 60 s (Fig. 3). During each trial, the reference step 
width wref was presented to the wearer and updated every 10 s. Within each 10 s interval after an 
update, the reference step width was held constant. The reference step width was set within the 
allowable range of [0.15, 0.35] m. To avoid presenting similar reference step widths in 
consecutive intervals, the reference step width was updated such that it remained within the 
allowable range of 0.15 to 0.35 m and differed from the immediately preceding reference value 
by at least 0.05 m. At each update time, the next reference step width was determined by uniform 
sampling from the range satisfying this condition. When the preceding reference value was 
located near the boundary of the allowable range, sampling was performed from the 
corresponding nonempty feasible range.

2.3.2	 Optimization setup

	 To quantify step-width tracking performance, an objective function was designed using the 
foot-placement error at each step during the evaluation interval as a representative measure. 
Although the foot-position error is defined in continuous time, directly using the continuous-
time signal would result in strong autocorrelation among samples and, consequently, redundant 
evaluation values. Therefore, the heel-strike (HS) timing, at which the foot placement is 
determined in each gait cycle, was adopted as the representative time point, yielding one HS 
sample per step. The objective function was defined as the mean squared norm of the foot-
position error vectors of the left and right feet at the HS timings, as follows:
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   denotes the index set of all HS events and HS  represents its 
cardinality. The search domain was then defined as

	 4{ |0 2.02 10 }P PK KθΘ = = ≤ ≤ × .	 (5)

	 The upper bound was determined under the condition that the reference pressure does not 
exceed the pressure limit plim = 500 kPa when the control input [ ],s toe

effy k∆  is equal to the 
deadband width σML = 2.47 × 10−2 m (Appendix 1), namely,

	 lim
P
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pK
σ

≤ .	 (6)

2.3.3	 BO

	 In BO, the relationship between the objective function and the controller gain is commonly 
estimated sequentially using a Gaussian process (GP) based on the observed objective-function 
values, and the next gain to be evaluated is selected using expected improvement (EI) as the 
acquisition function.(15,16) Following previous studies on HIL optimization for wearable robots, 
in this study, we also adopted a GP with a radial basis function (RBF) kernel and EI.(13) 
Considering the participant burden and search efficiency, the search was conducted for a total of 
11 trials. After the four initial sampling trials, the observed data were updated, and the next 
candidate gain was reselected iteratively. The detailed formulation of BO is provided in 
Appendix 2.
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Fig. 3.	 (Color online) Schematic illustration of the step-width tracking task. During each trial, the reference step 
width wref was updated every 10 s. In each interval, the wearer was instructed to track the reference step width on the 
basis of the haptic guidance provided by the PAM-SPE.
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3.	 Experimental Design

	 We conducted a user experiment to examine whether the proposed PAM-SPE and gain tuning 
through HIL optimization support wref tracking, and whether their effects differ depending on 
the magnitude of wref. In this section, we introduce the experimental design.

3.1	 Experimental setup

	 In this study, the body motion of participants walking on a motorized treadmill (Circle 
Fitness, M7L) was measured. The pneumatic actuation system consisted of four flow-control 
servo valves (Festo, MPYE-5-1/4-010-B) to which compressed air supplied from a compressor 
was delivered through an air tank and regulators. These valves were used to individually drive 
the four PAMs mounted on the suit. Each servo valve was connected to the corresponding PAM 
through a 4.5m-long polyurethane tube (PISCO, UBT series), and the pressure inside the tubing 
was measured using a pressure sensor (SMC, PSE510) installed at the output port of each valve.
	 A motion capture system using Miqus M3 cameras (Qualisys) was employed to measure the 
participants’ body motion. Six cameras were arranged around the treadmill at approximately 
equal intervals. The three-dimensional coordinates of the markers attached to the participant’s 
body were acquired at a sampling frequency of 500 Hz and transmitted to the control PC via 
TCP/IP using the dedicated software.
	 On the control PC (Ubuntu 18.04), the control software was implemented in Python 2.7 and 
C++ 14 on ROS Melodic. The step-width P controller and the BO algorithm were executed on 
this system. GPyOpt(17) was used for the implementation of BO. All sensor and control signals 
were recorded as logs and used for offline objective-function evaluation and statistical analysis.

3.2	 Participants

	 Seven healthy adult male participants took part in this study (age: 23 ± 1.2; body mass: 65 ± 
4.9 kg; height: 1.71 ± 0.10 m; mean ± S.D.). The study protocol was approved by the Ethics 
Committee of the Graduate School of Information Science and Technology, The University of 
Tokyo (approval number: UT-IST-RE-250402-2). Written informed consent was obtained from 
all participants before the experiment. After the experiment, each participant received 
compensation equivalent to US$ 24.92 (4000 JPY in local currency).

3.3	 Experimental protocol

	 The participant experiment in this study consisted of three sessions conducted on the same 
day: an adaptation session, a parameter-tuning session, and a validation session. In all sessions, 
the participants walked on the treadmill, and the walking speed was kept constant at 4.0 km/h 
throughout the experiment.
	 To reduce variability in participants’ responses to the assistance, the following common 
instructions were verbally provided immediately before the experiment:
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(a)	The presented reference step width should be regarded as a guide rather than a value to be 
matched exactly.

(b)	The participants should not excessively resist the lateral guidance provided by the suit and 
should walk at a natural rhythm.

(c)	The participants should immediately report any pain, numbness, strong discomfort, or fear. 
(There was no opt-out during the actual experiment.)

3.3.1	 Adaptation session

	 First, an adaptation session was conducted to allow the participants to become sufficiently 
accustomed to walking on the treadmill while wearing the PAM-SPE. The participants wore the 
PAM-SPE, and step-width guidance was provided using a proportional gain that had been tuned 
in preliminary experiments to ensure stable operation. The participants continued walking until 
they verbally reported that they could walk without discomfort. During this period, it was 
confirmed that there was no displacement of the motion-capture markers or interference from 
the pneumatic tubing.

3.3.2	 Parameter-tuning session

	 Next, a parameter-tuning session was conducted to identify a suitable proportional gain for 
each participant through HIL optimization. In this session, as described in Sect. 2.3, the 
participants performed four initial sampling trials followed by up to 11 trials using the BO 
process. To avoid redundant evaluations, BO was terminated when the distance between two 
consecutive candidate gains fell below 1.0 × 10−8.

3.3.3	 Validation session

	 Finally, a validation session was conducted to evaluate the effectiveness of the proportional 
gain obtained through optimization. In the validation session, the following three conditions 
were used.

(a)	 Unassisted condition

	 The participant wore the PAM-SPE, but the PAMs were not actuated. Because no haptic 
guidance was provided under this condition, the reference step width was presented in real time 
using a custom-built tablet application through both visual and auditory cues, as shown in Fig. 4. 
The tablet device was placed in front of the participant so that the participant could check the 
reference step width while maintaining a forward gaze.

(b)	 Initial best condition

	 Assistance was provided by the PAM-SPE using the initial best gain, defined as the 
proportional gain that yielded the minimum objective-function value among the four initial 
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sampling trials in the parameter-tuning session. No visual or auditory cues regarding the 
reference step width were provided under this condition; the participant received step-width 
guidance solely through the haptic assistance generated by the PAM-SPE. To reduce the effect of 
the operating noise of the servo valves, the participants wore headphones and listened to white 
noise so that ambient sounds were masked.

(c)	 Optimized condition

	 Assistance was provided by the PAM-SPE using the optimized gain, defined as the 
proportional gain that yielded the minimum objective-function value among the BO trials 
completed after the initial sampling in the parameter-tuning session. As in the initial best 
condition, no visual or auditory cues regarding the reference step width were provided, and step-
width guidance was delivered solely through the haptic assistance generated by the PAM-SPE. 
The participants also listened to white noise through headphones to mask the operating noise of 
the servo valves.
	 The order of the three conditions was determined using a Latin square design, and three 
walking trials were conducted for each condition. To reduce carryover effects between 
conditions and trials, sufficient rest periods were provided between trials, and the experiment 
was conducted while confirming the participants’ subjective fatigue and discomfort. The entire 
experiment required approximately 1.5 h to complete.

3.4	 Evaluation metrics and preprocessing

	 To evaluate whether the proposed method improved the wearer’s ability to track the reference 
step width, the root mean square error (RMSE) between the reference step width wref and the 

Fig. 4.	 (Color online) Appearance of the custom-built tablet application, placed at the console of the treadmill, 
under the unassisted condition during the validation session. In the application, the reference step width was 
displayed in centimeters in real time, via both visual and auditory cues.
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measured step width w across each 10 s segment was used as the evaluation metric. As 
preprocessing, a first-order low-pass filter with a cutoff frequency of 10 Hz was applied to the 
signals, after which the data were downsampled from 500 to 100 Hz. The middle 60 s of each 90 
s trial was then extracted as the analysis interval.
	 To examine whether the tracking error varied with the magnitude of the reference step width, 
the analysis interval for each trial was divided into 10 s segments, during which the reference 
step width was held constant. The step-width RMSE was calculated for each segment, and the 
reference step width wref presented during that interval was assigned to the corresponding 
segment. The RMSE for condition c and segment j was then defined as 

	 [ ]( )
,

2
, ,

,

1

c j

c j ref j
c j k

RMSE w w k
∈

= −∑


,	 (7)

where ,c j  denotes the set of discrete-time indices k included in the jth segment under condition 
c, and ,c j  denotes the number of samples in that segment. In addition, wref, j denotes the 
reference step width presented during the jth segment.

3.5	 Statistical analysis

	 A linear mixed model (LMM) was used to analyze the step-width RMSE as the response 
variable, with condition c, reference step width wref, and their interaction included as fixed 
effects.(18) To account for within-participant repeated measurements, a random intercept for each 
participant was included in the model. By treating reference step width as a continuous predictor, 
the LMM enabled us to examine how the effect of the assistance condition varied across 
reference step widths without discretizing the reference values into categories.
	 The interaction between condition and reference step width was examined by calculating 
estimated marginal means (EMMs) for each condition at representative values of wref, using the 
fitted LMM. These representative values were objectively selected as ref refw wµ σ− , refwµ , and 

ref refw wµ σ+  to characterize the effect of the continuous covariate at lower, average, and higher 
levels, rather than by arbitrarily discretizing it into groups. Here, 

refwµ  and 
refwσ  respectively 

denote the mean and standard deviation (S.D.) of the reference step width across all participants.
	 When the fixed-effect test indicated a significant interaction between condition and reference 
step width, pairwise comparisons among conditions were performed at each representative 
value. The pairwise comparisons were based on the EMMs, and Holm correction was applied to 
the three comparisons within each representative value.

4.	 Results and Discussion

4.1	 Optimization of the proportional gain

	 Figure 5 shows the progression of the objective-function observations [Eq. (4)] during 
representative parameter-tuning sessions. Figures 5(a) and 5(b), corresponding to Subjects 2 and 
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3, respectively, show representative cases in which BO yielded observations with objective-
function values smaller than those obtained during the initial sampling trials. Figure 5(c) shows 
the result for Subject 4, representing a case in which BO did not improve upon the initial best 
objective-function value. Subjects 2 and 3 represent successful BO cases, whereas Subject 4 
represents a case in which BO did not outperform the initial sampling result. In five of the seven 
participants, objective-function values smaller than the minimum obtained during initial 
sampling were observed during the BO process, except for Subjects 1 and 4. The objective-
function observation corresponding to the initial best gain and the optimized gain for each 
participant are provided in Appendix 3.

Fig. 5.	 (Color online) Objective-function observations [Eq. (4)] during BO for Subjects (a) 2, Subject (b) 3, and (c) 
4. Blue circles indicate the initial best gain, whereas orange diamonds indicate the optimized gain. Panels (a) and (b) 
show representative examples in which BO yielded objective-function observations lower than those obtained 
during the initial sampling trials, whereas panel (c) shows a representative example in which BO did not yield an 
observation lower than that obtained with the initial best gain. The first four evaluations correspond to the initial 
sampling trials, and the proportional gain was sequentially updated by BO from the fifth evaluation onward.



Sensors and Materials, Vol. 38, No. 11 (2026)	 6361

	 Figure 6 shows the final objective-function landscapes [Eq. (4)] obtained through BO. The 
objective-function landscapes differed across participants, suggesting that the effect of a given 
proportional gain on the step-width tracking error varied among participants. This finding is 
consistent with the previous observation that wearing conditions and force-transmission 
characteristics differ across participants.(11) In addition, for many participants, the sampling 
points were concentrated near the optimized gain, indicating that BO explored gain regions 
suited to each participant.
	 Figure 7 shows the initial best and optimized gains for each participant. For Subject 1, BO 
was terminated early because the distance between two consecutive candidate gains fell below 

Fig. 6.	 (Color online) Objective-function landscapes [Eq. (4)] during BO for Subjects (a) 2, (b) 3, and (c) 4. Solid 
lines indicate the posterior mean of the GP for the objective function, and shaded regions indicate the posterior S.D. 
Orange diamonds indicate the optimized gain. Although the objective-function landscapes differed across 
participants, as shown in panels (a) and (b), the sampling points were concentrated near the optimized gain for many 
participants. However, as shown in panel (c), there was also a case in which the sampling points were not 
concentrated near the optimized gain.
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the predefined stopping threshold. The optimized gain differed across participants, which is 
consistent with previous studies, and shows that HIL optimization for wearable robots identifies 
participant-specific control parameters. In addition, for Subjects 1 and 5, the optimized gain 
reached the upper bound of the search domain [Eq. (5)] (2.02 × 104 kPa/m). This result suggests 
that, for some participants, a larger proportional gain or greater assistance force than that 
allowed by the search range used in this study may be effective. 
	 To compare the differences between these gains, the absolute difference between the initial 
best and optimized gains for each participant was normalized by the width of the proportional-
gain search domain. The normalized gain difference was 16.9 ± 14.2% (mean ± S.D.). The two 
gains were relatively similar for some participants, whereas larger differences were observed for 
others. The similarity between the two gains for some participants may partly reflect the BO 
search process used in this study. The EI acquisition function selects the next evaluation point on 
the basis of both the predicted objective-function value and its uncertainty. Therefore, regions 
around gains that yielded favorable objective-function values during the initial sampling may 
remain candidates for subsequent exploration during BO. Whether the optimized gain provides 
higher step-width tracking performance than the initial best gain is evaluated in the statistical 
analysis in the next section. 

4.2	 Statistical analysis of user-study results

	 The fixed-effect tests in the LMM showed no significant main effect of reference step width 
[F(1, 366.14) = 0.231, p = 0.631]. In contrast, a significant main effect of condition was observed 
[F(2, 366.17) = 9.809, p < 0.001], and the interaction between reference step width and condition 
was also significant [F(2, 366.17) = 14.99, p < 0.001]. These results indicate that the effect of the 
assistance condition on step-width RMSE varied depending on the magnitude of the reference 
step width.

Fig. 7.	 (Color online) Proportional gains evaluated during the parameter-tuning session for each participant. Black 
dots indicate the candidate gains evaluated during optimization. Blue circles indicate the initial best gain and orange 
diamonds indicate the optimized gain.
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	 Because the interaction was significant, pairwise comparisons among conditions were 
performed at each representative value of the reference step width. These comparisons were 
based on the EMMs shown in Fig. 8, where 

refwµ  = 0.251 m and 
refwσ  = 0.061 m. The Holm 

correction was applied to the three comparisons at each representative value.
	 At the lower representative value of wref ( ref refw wµ σ− ), no significant differences were found 
among the conditions. In contrast, at the average representative value (

refwµ ), the RMSE values 
under the initial best and optimized conditions were significantly smaller than those under the 
unassisted condition (z = 2.606, p = 0.018 and z = 3.990, p < 0.001, respectively), while no 
significant difference was found between the initial best and optimized conditions (z = 1.387, p = 
0.166). Similarly, at the higher representative value (

ref refw wµ σ+ ), the RMSE values under the 
initial best and optimized conditions were significantly smaller than those under the unassisted 
condition (z = 5.301, p < 0.001 and z = 5.969, p < 0.001, respectively), while no significant 
difference was found between the initial best and optimized conditions (z = 0.827, p = 0.408).
	 Taken together, these results indicate that the step-width guidance provided by the proposed 
PAM-SPE improved the step-width tracking performance across participants at average and 
large reference step widths. However, no significant improvement was observed at a small 
reference step width, suggesting that the assistance effect was not uniform across reference step 
widths but depended on the magnitude of the reference step width. In addition, no statistically 
significant additional improvement under the optimized condition over the initial best condition 
was confirmed.

4.2.1	 Considerations on the effect of PAM assistance

	 At the lower representative value of wref (
ref refw wµ σ− ), no significant reduction in RMSE 

relative to the unassisted condition was observed under either the initial best or optimized 

Fig. 8.	 (Color online) Step-width RMSE across reference step-width levels under unassisted, initial best, and 
optimized conditions. Values indicate the EMMs obtained from the LMM and error bars represent standard errors. 
Brackets indicate pairs for which significant differences were found in Holm-adjusted pairwise comparisons against 
the unassisted condition (†p < .05, *p < .01, **p < .001).
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condition. This may be attributed to the mechanical constraint imposed by the suit’s structure. In 
the PAM-SPE used in this study, the PAMs for hip adduction were arranged to cross between the 
left and right sides. In addition, when pressurized, the PAMs contract in the axial direction while 
expanding in the radial direction. Therefore, under the small-reference-step-width condition, the 
crossed PAMs were observed, in some cases, to become bulky around the thighs during 
actuation, making it difficult for the participants to take a narrow step. Such structural 
interference may have made the assistance effect less likely to appear as a reduction in RMSE at 
relatively small reference step widths.
	 In contrast, at the average and higher representative values of wref (  

refwµ  and 
ref refw wµ σ+ , 

respectively), the RMSE values under the initial best and optimized conditions were significantly 
smaller than those under the unassisted condition. Previous work has shown that, during walking 
with a wide step, the characteristics of foot-placement control change and kinematic variability 
increases.(19) Therefore, under conditions with large reference step widths, ML foot-placement 
corrections larger than those required during normal walking may have been necessary, making 
tracking errors more likely to increase when relying only on voluntary foot-placement control. 
Under such conditions, the proposed method, which provides hip abduction/adduction assistance 
based on the step-width error, may have supported correcting foot placement and suppressed the 
increase in RMSE. 
	 Post-stroke individuals have been reported to adopt a wider step as a compensatory strategy 
for maintaining walking stability.(20) However, walking with a step width greater than the 
preferred width increases metabolic cost.(4) These findings suggest that simply increasing step 
width may not always be desirable and that guiding step width according to individual gait 
characteristics may be meaningful for gait training. In this study, significant reductions in 
tracking error were observed at the average and higher representative values of the reference 
step width. Given that post-stroke individuals tend to adopt relatively wide steps, these results 
suggest that the proposed method may be applicable to guiding step width from larger values 
toward a more moderate target in post-stroke gait training.
	 These results suggest that hip abduction/adduction assistance may have contributed to 
correcting foot placement. However, walking involves the coordinated motion of multiple joints, 
including not only the hip but also the knee and ankle joints.(21) Therefore, it is also necessary to 
consider how the hip assistance used in this study affected the motion of these other joints. Since 
the effects on knee and ankle joint motion were not quantitatively evaluated in this study, future 
work should assess, from a biomechanical perspective, whether these joints maintain natural 
joint motion and appropriate ranges of motion during walking.

4.2.2	 Considerations on the effect of the proposed BO

	 There was no significant difference between the initial best and optimized conditions. Thus, 
it cannot be concluded that the optimized gain provided performance statistically superior to that 
of the initial best gain. 
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	 One possible reason for this result is that the signal-to-noise ratio of the objective-function 
observations was relatively low. Previous HIL optimization studies also revealed that BO must 
identify near-optimal control parameters from noisy physiological measurements, such as 
metabolic cost, within a limited number of trials. However, the objective function used in this 
study may have had an even lower signal-to-noise ratio than such physiological measures 
because it was based on step-width error, which directly reflects the process by which 
participants voluntarily attempted to match the reference step width.(14) Therefore, even under 
the same proportional gain, the evaluation value may have varied depending on factors unrelated 
to the gain itself, such as changes in gait strategy, fatigue, attention, and compensatory 
movements for maintaining stability. Such variability may have reduced the reliability of the 
objective-function observations and made it difficult for BO to identify an optimized gain that 
was statistically superior to the initial best gain.
	 These findings suggest that, when applying HIL optimization to tasks such as step-width 
tracking, in which voluntary control and stability control are strongly involved, temporal 
variations in objective function and within-participant variability can be important challenges. 
Nevertheless, the results under the optimized condition showed a significantly lower RMSE than 
those under the unassisted condition at relatively large reference step widths. Thus, the optimized 
gain selected through the proposed HIL optimization approach may be a promising means of 
suppressing increases in step-width RMSE under conditions in which step-width tracking 
becomes difficult. In addition, if BO-HIL can identify control parameters suited to each 
individual within a limited number of trials, it may reduce the burden of adjusting assistance 
conditions in clinical settings. However, this study did not directly evaluate whether the number 
of trials required for optimization could be reduced; therefore, further investigation is needed.

5.	 Conclusions

	 In this study, building on the gait-guidance control framework using the PAM-SPE proposed 
in the previous work,(11) we revised the step-width controller and the HIL optimization 
configuration. Then, the effectiveness of the proposed method was further evaluated through 
experiments with seven participants.
	 The results indicate that the proposed PAM-based hip abduction/adduction assistance can 
improve step-width tracking performance, particularly for medium-to-large reference step 
widths, while the assistance effect in the small step-width range may have been limited owing to 
the mechanical interference of PAMs. By contrast, the BO of proportional gain did not yield an 
optimized gain that was statistically superior to the initial best gain. This may be because the 
objective function has been affected by multiple factors, such as voluntary foot-placement 
adjustment, gait adaptation, fatigue, and compensatory movements for maintaining stability, 
which were not explicitly accounted for in the function. In addition, the optimized gain reached 
the upper limit of the search range for some participants, suggesting that a wider assistance 
range or a larger achievable assistance force may be beneficial. Nevertheless, BO identified 
participant-specific gains and enabled systematic tuning without requiring manual parameter 
adjustment.
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	 Future work should include refining the objective function to account for fatigue and gait 
adaptation, and improving the suit structure to reduce mechanical interference, especially under 
small step-width conditions.
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Appendix

Appendix 1: Definition of Step-width Error and Deadband Processing

	 To achieve step-width modulation, the control error was defined as the difference between 
the ML position of the foot and its reference position in the trunk-centered coordinate system. In 
this study, using the marker measurements shown in Fig. 9, a trunk-centered coordinate system 
was defined with its origin at the umbilical position. The foot-position vector, whose components 
are the ML coordinates of the right and left toe markers in this coordinate system, was defined 
as

	 [ ] [ ]
[ ]

,

,

R toe
toe

L toe

y k
k

y k

 
 =
  

y .	 (8)

	 The reference foot-position vector corresponding to the reference step width wref was defined 
as
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reftoe

ref refL toe
ref

y k
k w

y k

 
   
 = =  
       

y .	 (9)

	 The step-width error vector [ ]toe k∆y  was then defined as 

	 [ ] [ ] [ ]toe toe toe
refk k k∆ = −y y y .	 (10)

(a) (b)

Fig. 9.	 (Color online) Marker placement and definitions of step width and foot-position coordinates. (a) Marker 
placement used for motion capture. (b) Definition of the trunk-centered coordinate system and variables used to 
calculate the step-width error. Here, O denotes the origin of the trunk-centered coordinate system, wref denotes the 
reference step width, and ys,toe and yref

s toe,  denote the ML and reference positions of the toe marker, respectively. 
Δys,toe denotes the step-width error and ∆yeff

s toe,  denotes the effective error after applying the deadband width δ, where 
s ∈ {R, L}.
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	 For each component Δys,toe[k] ( { },s R L∈ ), Δys,toe[k] > 0 indicates an error in the abduction 
direction, whereas [ ], 0s toey k∆ <  indicates an error in the adduction direction.
	 Furthermore, to avoid excessive assistance in response to small fluctuations associated with 
natural walking, a deadband width δ was introduced. The effective error vector [ ]toe

eff k∆y  was 
defined as 

	 [ ]
[ ]
[ ]

,

,

R toe
efftoe

eff L toe
eff

y k
k

y k

 ∆
 ∆ =
 ∆ 

y .	 (11)

	 Each component was defined as
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	 (12)

	 The deadband width was set to 2/ 2 2.47 10wδ σ −= ×  m on the basis of the step-width 
S.D. σw = 0.035 m reported by Perry and Srinivasan.(19)

Appendix 2: Detailed Formulation of BO

Surrogate model based on GP regression

	 In BO, instead of directly using the objective function f(θ), a surrogate model is constructed 
using GP, which is a probabilistic model. The observation y is assumed to be the true function 
value f(θ) corrupted by the additive Gaussian noise ε and is given as(15,16)

	 ( ) ( )2, 0, noisey f Nθ ε ε σ= + ∼ .	 (13)

	 As the kernel function that defines the GP prior distribution, the RBF kernel was used. The 
RBF kernel k(θ, θ') is defined as

	 ( ) ( )22
2, exp

2signal
'

k '
l

θ θ
θ θ σ

 − = −
 
 

.	 (14)

Here, 2
signalσ  denotes the signal variance and l denotes the length scale. The GP hyperparameters,

	 2 2, ,signal noiselψ σ σ =  ,	 (15)
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were updated by maximizing the log marginal likelihood each time a new data point was added. 
This procedure enabled the sequential estimation of both the objective-function landscape and 
the magnitude of the observation noise.

Acquisition function based on EI

	 The EI is an acquisition function that quantifies the expected amount of improvement over 
the current best value fmin for minimizing the objective function. Using the GP posterior 
distribution, EI is obtained in closed form as(15,16)

	 ( ) ( ) ( )( ) ( ) ( ) ( )max ,0 ,min min n nEI E f f f Z Zθ µ θ σ θ φ = − = − Φ +  	 (16)

where

	 ( )
( )1, ,

min , min n
min ii n n

f
f f Z

µ θ
σ θ= …

−
= =

　 　
.	 (17)

Here, fi denotes the observed objective-function value at the i-th evaluated gain. μn(θ) and σn(θ) 
denote the posterior mean and S.D. of the GP at the candidate point θ, respectively. In addition, 
Φ(∙) and ϕ(∙) denote the cumulative distribution function and the probability density function of 
the standard normal distribution, respectively.

Appendix 3
Table 1
Objective-function observations corresponding to the initial best and optimized gains for each participant.
Subject Selection KP  [kPa/m] y

1 Initial best 15436 0.00700
Optimized 20200 0.00700

2 Initial best 9760 0.00287
Optimized 9273 0.00236

3 Initial best 19852 0.00569
Optimized 17229 0.00524

4 Initial best 4583 0.00399
Optimized 8821 0.00440

5 Initial best 11437 0.00679
Optimized 20200 0.00571

6 Initial best 6485 0.00749
Optimized 6965 0.00734

7 Initial best 4733 0.00518
Optimized 7284 0.00473


