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Abstract

Accurate dynamic parameters are required for model-based control of lower-limb exoskele-
tons, but limited excitation, transmission friction, and assembly-dependent uncertainty can
degrade conventional estimates. This study examines a two-stage method that combines
recursive least squares (RLS) with an adaptive grey wolf optimizer (AGWO). Offline RLS
tracks the base-parameter trajectory and expands its post-convergence extrema to con-
struct a finite search space; a non-smooth friction severity index then modulates the GWO
convergence schedule. The method was evaluated on a pedestal-mounted, single-degree-
of-freedom hip mechanism using a 5 s calibration trajectory and a separate 7 s validation
trajectory. Deterministic least squares (LS) and bound-constrained least squares (BCLS)
were compared with standard PSO, RLS–PSO, RLS–GA, RLS–GWO, and RLS–AGWO.
Each stochastic method used a population of 30, with 80 iterations (2400 fitness evaluations)
and 30 independent seeds. On the independent trajectory, BCLS obtained an RMSE of
0.1152 Nm. Median validation RMSEs were 0.1152, 0.1152, 0.1562, and 0.1516 Nm for RLS–
PSO, RLS–GA, RLS–GWO, and RLS–AGWO, respectively. Thus, the adaptive schedule
improved median GWO error by 3.0%, but deterministic BCLS was both more accurate
and faster for the present linear-in-parameters model. AGWO is therefore not mathemati-
cally necessary for the current convex objective; its potential advantage should be tested
with genuinely nonlinear friction parameterizations. The conclusions remain limited to a
single-axis pedestal experiment and do not establish performance during human-worn gait.

Keywords: dynamic parameter identification; lower-limb exoskeleton; recursive least
squares; adaptive grey wolf optimizer; convergence characteristics

1. Introduction
Lower-limb exoskeletons are being developed for load assistance, mobility support,

gait rehabilitation, and quantitative human–robot interaction research [1–4]. Their con-
trollers must generate useful assistance without masking the wearer’s intent or introducing
parasitic interaction torque. This requirement makes model fidelity especially impor-
tant: errors in inertia, gravity, and friction compensation are transmitted directly to the
human–device interface. Accurate dynamic parameter identification therefore supports
feedforward compensation, impedance control, interaction-force estimation, and adaptive
compliant control [5–7].

Three routes are commonly used to obtain mechanical parameters. Manufacturer or
CAD values are convenient, but they do not fully represent custom links, cables, fasteners,
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transmission losses, and the mass distribution of a wearer–device assembly. Direct mea-
surement can isolate individual quantities, although it requires disassembly or dedicated
tests and does not necessarily capture parameters under operating conditions. Data-driven
dynamic identification instead estimates a minimal set of base-parameter combinations
from measured motion and torque [8]. Its accuracy depends on excitation quality, regres-
sor conditioning, signal differentiation, and the ability of the model to represent friction
and compliance [9–11].

Batch least squares (LS) remains attractive because robot dynamics can often be written
linearly in the base parameters. Recursive least squares (RLS) additionally tracks slow
variation and can support online or repeated calibration. Nevertheless, measurement
noise, collinearity among regressor columns, limited joint motion, and outliers can amplify
uncertainty or yield estimates that violate physical expectations. Hybrid and robust LS
methods, data weighting, nonlinear friction separation, and Kalman-smoothing formu-
lations have consequently been investigated [12–15]. These methods improve numerical
robustness, but reliable excitation and physically meaningful constraints remain central to
parameter interpretation.

For exoskeletons, RLS-derived bounds have previously been combined with particle
swarm optimization (RLS–PSO) and genetic algorithms (RLS–GA) [16,17]. Related work
has used improved beetle-swarm and hybrid evolutionary algorithms for lower-limb ex-
oskeletons and manipulators [18–20]. In parallel, recent robot-identification studies have
emphasized deterministic or hybrid estimators that explicitly address weighting, physical
feasibility, and nonlinear friction separation [12–14]. Such methods provide reproducible
solutions and directly address feasibility or noise structure; population methods are poten-
tially more flexible when the parameterization becomes genuinely nonlinear, discontinuous,
or mixed discrete–continuous, but they require repeated runs and carefully equalized eval-
uation budgets. Collectively, these studies suggest that recursive estimation can supply
useful prior ranges while a bounded second stage performs refinement. However, most
population search schedules are chosen from generic optimization practice and are not
adjusted according to a measured property of the electromechanical system.

The grey wolf optimizer (GWO) maintains three leaders and updates the remaining
candidates through a transition from exploration to exploitation [21]. Nonlinear con-
vergence schedules can improve performance on engineering problems [22], and GWO
variants have been applied to hydraulic-actuator identification and robot calibration [23,24].
The unresolved question addressed here is whether a friction-related quantity extracted
from the identification record can be used to adjust this schedule while RLS restricts the
search to a data-supported domain. Importantly, for a fixed regressor, the adopted model
is linear in the base-parameter vector; the role of AGWO is therefore to enforce and ex-
plore the RLS-informed bounded domain, not to replace the analytical LS solution of an
unconstrained calibration problem.

The present formulation contributes an RLS-derived finite parameter domain and
a non-smooth friction severity index (NFSI) that adapts the GWO convergence schedule
using the estimated Coulomb friction contribution. The revised evaluation adds a deter-
ministic bound-constrained least squares baseline, bounded standard GWO as an ablation,
30 independent runs under a common evaluation budget, sensitivity analyses, and a sepa-
rate motion trajectory for validation. The experimental scope remains deliberately limited
to a pedestal-mounted single-axis mechanism; it does not represent human-worn gait.
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2. Dynamic Model and Linear Parameterization
2.1. Exoskeleton Configuration

The active power-assist hip exoskeleton (APHE) is shown in Figure 1. The platform
comprises trunk, thigh, shank, and foot modules. The hip is actuated by a brushless DC
motor coupled to a 156:1 planetary gearhead, and an output-shaft torque sensor measures
the transmitted joint torque [17]. The archived experimental record identifies the drive
type, reduction ratio, output torque sensing location, and 100 Hz acquisition rate, but
it does not retain the motor power rating, encoder resolution, torque sensor range or
accuracy, controller model, or real-time hardware. These unavailable specifications limit
exact replication and are therefore not inferred here. During identification, the trunk and
contralateral lower-limb assembly were secured to a rigid pedestal, while the tested leg
was free to swing in the sagittal plane. The knee and ankle were mechanically locked so
that the moving assembly could be treated as one rigid link. Accordingly, the tested device
was a pedestal-mounted single-axis hip mechanism, not an exoskeleton operating during
worn gait. The person in Figure 1 documents the physical fit of the platform only; no
human-derived kinematic or torque data from that photograph entered the identification
analysis. Written consent to publish the anonymized photograph was obtained.

(a) Front view. (b) Rear view. (c) Left-side view.

Figure 1. Active power-assist hip exoskeleton platform shown for hardware and fit documentation.
The identification data were acquired in the pedestal-mounted configuration described in Section 2.1,
not during human-worn gait. The panels were cropped from the original composite image to replace
embedded Chinese labels with English subcaptions.

With the trunk fixed, the moving leg is represented in the sagittal plane by the single-
link model in Figure 2. The generalized coordinate is the hip angle q1, measured counter-
clockwise from the vertically downward configuration. The equivalent link has mass mt,
centroidal moment of inertia It, and center-of-mass offsets LGt and hGt in the adopted coor-
dinate convention. This reduction assumes rigid links, locked distal joints, a fixed hip axis,
and negligible out-of-plane motion. Transmission friction is retained explicitly, whereas
structural flexibility, backlash hysteresis, and human voluntary torque are absorbed into
the residual term.

Using the Lagrange formulation, the rigid-body contribution to the hip torque is

Th =
[

It + mt

(
L2

Gt + h2
Gt

)]
q̈1 + mtg(LGt sin q1 + hGt cos q1), (1)

where g is gravitational acceleration. A Coulomb-plus-viscous model represents the
joint friction:

Tf = fc sgn(q̇1) + fv q̇1, (2)

where fc and fv are the Coulomb- and viscous-friction coefficients, respectively. Friction
compensation is important in precision robot tracking and identification [14,25].
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Figure 2. Single-link equivalent model of the hip exoskeleton system. Here, q1 is the hip angle, mt is
the thigh mass, It is the thigh moment of inertia, Lt is the segment length, hGt is the distance from the
center of mass to the link axis, and LGt is the projection of the center-of-mass position in the adopted
frame. The original Chinese legend has been excluded by clipping and is reproduced here in English.

2.2. Linear Regression Form

Define the base parameters

Mxt = mtLGt, Myt = mthGt, Jt = It + mt

(
L2

Gt + h2
Gt

)
. (3)

The measured motor-side torque can then be written as

Tm(k) = H(k)X + ε(k), (4)

with

X =
[

Mxt Myt Jt fc fv

]T
, (5)

H(k) =
[

g sin q1(k) g cos q1(k) q̈1(k) sgn(q̇1(k)) q̇1(k)
]
. (6)

The residual ε(k) aggregates measurement noise and dynamics not represented by
Equations (1) and (2). The five elements of X are base-parameter combinations rather
than independently identifiable anatomical or CAD quantities. Identifiability requires the
stacked regressor to have sufficient column rank and acceptable conditioning. The com-
pound harmonic excitation used below changes position, acceleration, velocity magnitude,
and velocity sign so that the gravity, inertia, Coulomb friction, and viscous-friction columns
are activated within one record.

3. RLS–AGWO Identification Method
3.1. RLS-Based Bounded Search Space

RLS is first applied offline to track the variation of the base-parameter estimates. With
forgetting factor λ, gain vector K(k), and covariance matrix P(k), the update is [26]

K(k) = P(k − 1)HT(k)
[
λ + H(k)P(k − 1)HT(k)

]−1
, (7)

X̂(k) = X̂(k − 1) + K(k)
[

Tm(k)− H(k)X̂(k − 1)
]
, (8)

P(k) = λ−1[I − K(k)H(k)]P(k − 1). (9)

The implementation uses λ = 0.98, P(0) = 104I, and X̂(0) = 0. The first 1.0 s of the RLS
trajectory is treated as a burn-in interval and excluded before bound extraction. Compo-
nentwise minima and maxima of the retained trajectory are expanded by 10% of their span
to form the lower and upper bounds L and U. If a mechanically required sign constraint is
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stricter than an RLS-derived limit, the mechanical constraint takes precedence. The 10%
value follows the preceding RLS–PSO and RLS–GA workflow [16,17] and was evaluated
against margins of 0, 5%, 20%, and 30%. The sensitivity analysis in Section 4.5 shows that
no single margin dominates every seed; margins above 10% increased median validation
error, whereas 0–10% remained in the lowest-error group. We therefore retain 10% as a
conservative expansion that accommodates post-convergence variation without the wider
domains produced by 20–30%. This procedure converts an unbounded search into a finite
problem supported by the observed parameter trajectory.

3.2. Physics-Informed Adaptive Convergence Factor

Let H f denote the column of the stacked regressor associated with sgn(q̇1), and let
f̂c,RLS be the RLS mean estimate of the Coulomb coefficient. The proposed NFSI is

γ =
max

∣∣∣H f f̂c,RLS

∣∣∣
max|Tm|+ ϵT

, (10)

where ϵT is a small positive number that prevents division by zero. This dimensionless
ratio estimates the maximum share of measured torque associated with the discontinuous
Coulomb term. It is used as a scheduling indicator rather than as a direct measurement of
objective-function curvature. The GWO convergence factor is then defined as

a(g, γ) = 2
[

1 −
( g

G

)µ(γ)
]

, (11)

µ(γ) = µbase + κ exp(γ), (12)

where g is the current iteration, G is the maximum number of iterations, µbase is a baseline
exponent, and κ is a sensitivity gain. Both hyperparameters are selected once before the
comparison and held fixed throughout the AGWO run. For 0 < g/G < 1, increasing µ

keeps a closer to its upper value for longer and shifts the rapid decrease toward the end
of the run. The intended effect is an extended exploration phase followed by a shorter
exploitation phase when the estimated discontinuous-friction contribution is large.

For a candidate parameter vector X i, the fitness is the torque RMSE

J(X i) =

√√√√ 1
K

K

∑
k=1

[Tm(k)− H(k)X i]
2. (13)

The three best candidates are assigned the α, β, and δ leader roles. For leader ℓ ∈ {α, β, δ},
the update is [21]

Aℓ = 2ar1,ℓ − a, Cℓ = 2r2,ℓ, (14)

Dℓ = |Cℓ ⊙ Xℓ − X i|, Yℓ = Xℓ − Aℓ ⊙ Dℓ, (15)

X i(g + 1) = clip[L,U]

(Yα + Y β + Yδ

3

)
, (16)

where ⊙ denotes componentwise multiplication and every element of r1,ℓ and r2,ℓ is
sampled independently from U(0, 1). Boundary projection is applied after every update.
With d = 5 parameters, K samples, N candidates, and G iterations, the dominant fitness
evaluation cost is O(GNKd).
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3.3. Relation to Deterministic Bound-Constrained Least Squares

For the model used in this study, H is fixed after signal processing and the unknown
vector enters linearly. Equation (13) is therefore equivalent to the convex quadratic program

X̂BCLS = arg min
L≤X≤U

∥Tm − HX∥2
2. (17)

A deterministic active-set, trust-region-reflective, or quadratic-programming solver can
solve Equation (17) without stochastic initialization. AGWO is consequently not necessary
to solve the present linear-in-parameters problem. Its rationale here is narrower: it pre-
serves continuity with earlier RLS–population search calibration frameworks, demonstrates
a system-dependent schedule within the same bounded domain, and provides a struc-
ture that can later accommodate genuinely nonlinear friction laws or mixed constraints.
Section 4 reports BCLS directly and uses bounded standard GWO as an ablation baseline
so that the adaptive schedule is not credited for benefits produced solely by RLS bounds.
Table 1 presents the compact pseudocode of the proposed RLS–AGWO procedure.

Table 1. Compact pseudocode of the proposed RLS–AGWO procedure.

Step Operation

Inputs: stacked regressor H, measured torque Tm, population size N, and maximum iteration count G.
Output: best base-parameter vector X∗.
1 Initialize λ = 0.98, P(0) = 104I, and X̂(0) = 0.
2 For k = 1, . . . , K, update K(k), X̂(k), and P(k) using Equations (7)–(9).

3 Discard the first 1.0 s, obtain the componentwise extrema of the retained X̂(k), and expand them by 10%
to form [L, U].

4 Compute γ and µ(γ) using Equations (10) and (12).
5 Draw N initial wolves uniformly from [L, U].
6 For g = 1, . . . , G, evaluate J(X i) and select Xα, Xβ, and Xδ.
7 Update a(g, γ) using Equation (11).
8 Update every wolf using the three GWO leaders and project the result componentwise onto [L, U].
9 Return X∗ = Xα after the final iteration.

4. Experimental Validation and Results
4.1. Platform, Excitation, and Data Acquisition

The APHE was mounted on a rigid pedestal in the configuration described in
Section 2.1. The trunk and contralateral assembly were fixed, the tested leg was sus-
pended, and the locked knee and ankle restricted the motion to one hip degree of freedom.
The protocol comprised five stages: (1) execute the calibration motion and synchronously
record joint angle and output torque; (2) filter the angle and obtain velocity and acceleration;
(3) run offline RLS, discard the initial transient, and construct the bounds; (4) fit every
estimator on the calibration record; and (5) evaluate the fixed parameter estimates on an
independently recorded validation motion. The calibration reference was

q1,ref(t) = 60◦ + 30◦ sin(πt) + 15◦ cos(2πt), 0 ≤ t < 5 s. (18)

This compound trajectory combines 0.5 and 1 Hz components and repeatedly reverses
the direction of motion, thereby exciting the gravity, inertia, and friction terms. A second
record used the distinct reference

q1,val(t) = 48◦ + 20◦ sin(0.7πt) + 12◦ cos(1.7πt) + 5◦ sin(2.6πt), 0 ≤ t < 7 s, (19)

which changes the offset, amplitudes, frequencies, duration, and reversal pattern. Angle
and torque were sampled synchronously at 100 Hz, yielding 500 calibration samples and
700 validation samples. A fourth-order 15 Hz zero-phase Butterworth filter was applied to
the angle before central finite-difference calculation of velocity and acceleration. Forward–
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backward filtering introduces no net phase lag but is suitable only for offline processing.
Because differentiation amplifies high-frequency noise, the first and last 0.2 s were excluded,
leaving 460 and 660 samples. The highest commanded validation component was 1.3 Hz,
well below the 15 Hz cutoff and the 50 Hz Nyquist frequency. Section 4.5 reports the
completed cutoff sensitivity analysis.

Table 2 gives the complete settings used for the revised comparison. All stochastic
methods used 30 candidates for 80 iterations and therefore 2400 fitness evaluations per run.
Thirty independently seeded runs were performed, and every method was evaluated on
exactly the same calibration and validation arrays. The fixed 80-iteration budget was the
stopping rule; no tolerance-based early stopping was used.

Table 2. Experimental, signal-processing, and optimizer settings.

Item Setting

Mechanical configuration Pedestal-mounted APHE; fixed trunk; locked knee and ankle; sagittal-plane hip motion

Hip actuation and sensing Brushless DC motor; 156:1 planetary gearhead; output-shaft torque measurement

Calibration/validation motion Equations (18) and (19); durations 5 and 7 s

Sampling and retained samples 100 Hz; 500/700 raw and 460/660 retained calibration/validation samples

Signal processing Fourth-order 15 Hz zero-phase Butterworth filter; central finite-difference velocity and accelera-
tion; 0.2 s endpoint exclusion

RLS initialization λ = 0.98, P(0) = 104I, X̂(0) = 0

Search bounds RLS trajectory after 1.0 s burn-in; componentwise range enlarged by 10%

Common stochastic budget N = 30, G = 80, 2400 evaluations/run, 30 independent seeds; fixed-budget stop

PSO settings Inertia 0.9 → 0.4; cognitive/social coefficients c1 = c2 = 2.0

GA settings Tournament size 3; crossover 0.9; mutation 0.2 per gene; Gaussian scale 0.05 of span; elitism 2

GWO/AGWO settings Standard GWO linear schedule; AGWO µbase = 0.45, κ = 0.25, and γ = 0.0328

Fitness and constraints Torque RMSE in Equation (13); componentwise boundary projection

Computing environment Intel Core i5-14600KF, 32 GB RAM, Windows 11 Pro

4.2. Evaluation Metrics and Comparison Protocol

Because the exact physical parameters of the assembled exoskeleton system are un-
available, identification quality was evaluated in the torque domain. For each method, the
parameter vector fitted on the calibration record was held fixed and substituted into either
the calibration or validation regressor to obtain Test(k) = H(k)X̂. The signed residual is

Terror(k) = Tm(k)− Test(k), (20)

and the principal quantitative metric is

RMSE =

√√√√ 1
K

K

∑
k=1

T2
error(k). (21)

The comparison includes unconstrained LS, deterministic BCLS, standard PSO, RLS–PSO,
RLS–GA, bounded standard GWO, and RLS–AGWO. Training RMSE quantifies fitting on
the calibration record, whereas validation RMSE is computed only on the independent
trajectory. For stochastic methods, we report mean ± standard deviation (SD), median,
interquartile range (IQR), and wall-clock runtime over 30 runs. The validation torque trace,
signed residual, repeated-run distribution, and median/IQR convergence histories provide
complementary views.
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4.3. Independent-Trajectory Validation and Repeated-Run Statistics

Table 3 reports the independent-trajectory results. LS and BCLS produced the same
feasible solution for this record, with calibration and validation RMSEs of 0.1419 and
0.1152 N m, respectively. The RLS-bounded PSO and GA distributions were concentrated
near that deterministic optimum. Relative to bounded standard GWO, the adaptive sched-
ule reduced median validation RMSE from 0.1562 to 0.1516 N m (3.0%). This ablation
supports a modest schedule effect, not general superiority of AGWO. BCLS remained
approximately 24.0% more accurate than median RLS–AGWO and was orders of magni-
tude faster.

Table 3. Calibration and independent-validation results. Stochastic entries summarize 30 runs.

Method Train Mean Validation Mean ± SD Validation Median IQR Time (ms)

LS 0.1419 0.1152 0.1152 – 0.13
BCLS 0.1419 0.1152 0.1152 – 0.13
Standard PSO 0.6660 0.5772 ± 0.8021 0.1888 0.1214–0.4808 3.37 ± 0.58
RLS–PSO 0.1420 0.1153 ± 0.0004 0.1152 0.1152–0.1153 3.35 ± 0.64
RLS–GA 0.1419 0.1152 ± 0.0001 0.1152 0.1152–0.1153 43.31 ± 2.10
RLS–GWO 0.1672 0.1552 ± 0.0171 0.1562 0.1439–0.1701 5.08 ± 2.19
RLS–AGWO 0.1659 0.1505 ± 0.0196 0.1516 0.1317–0.1657 4.78 ± 1.00

4.4. Residual and Convergence Behavior

Figure 3a,b show that all three displayed fits follow the independent torque profile,
but BCLS has the narrowest residual envelope. The largest excursions occur near direction
reversals, consistent with the discontinuous Coulomb regressor and with differentiation
sensitivity at sharp changes. The residual curves are not claimed to be white; that would
require separate correlation and spectral tests.

Figure 3c exposes the instability hidden by a single seed: standard PSO has several
high-error runs, while RLS–PSO and RLS–GA remain tightly clustered near BCLS. Figure 3d
shows that PSO and GA reach low training error early, whereas GWO and AGWO improve
mainly late in the run. AGWO has a lower final median than GWO, but their IQR bands
overlap. Runtime differences should be interpreted as implementation-specific, although
all population methods used an equal number of objective evaluations.

4.5. Parameter Estimates and Sensitivity Analysis

Table 4 reports the nominal reference values for the experimental apparatus and the
estimates associated with BCLS and the median validation run of each RLS-bounded
stochastic method. All methods recover the gravity and inertia combinations closely. The
largest relative discrepancy occurs in Coulomb friction, which is expected because its regres-
sor changes sign abruptly and is most affected by velocity estimation near zero crossings.

Table 4. Base-parameter estimates.

Method Mxt Myt Jt fc fv

Reference 1.5000 −0.2000 1.1000 0.8000 2.5000
BCLS 1.4994 −0.2015 1.0995 0.7466 2.5269
RLS–PSO median 1.4994 −0.2016 1.0995 0.7463 2.5268
RLS–GA median 1.4993 −0.2013 1.0994 0.7464 2.5270
RLS–GWO median 1.4977 −0.2007 1.1014 0.7372 2.5354
RLS–AGWO median 1.5054 −0.2152 1.1037 0.7419 2.5316
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Figure 3. Revised result presentation without an obstructive inset: (a) measured validation torque
and representative reconstructions; (b) signed validation residuals; (c) validation RMSE distributions
over 30 runs, with the deterministic BCLS value shown by the dashed line; and (d) median training
convergence with IQR bands. Legends are placed outside the data regions.

In Figure 4a, the median validation RMSEs for margins of 0, 5%, 10%, 20%, and 30%
were 0.1414, 0.1511, 0.1462, 0.1542, and 0.1636 N m, respectively. The overlapping IQRs
show that the precise ranking is seed-dependent; nevertheless, margins wider than 10%
increased the median error, supporting the retained 10% compromise. Figure 4b shows
BCLS validation RMSE decreasing from 0.1767 to 0.1152 N m as the cutoff increases from 5
to 15 Hz. This confirms that numerical differentiation materially affects identification, par-
ticularly the acceleration column, and motivates reporting the complete signal-processing
chain rather than treating the cutoff as innocuous.

https://doi.org/10.3390/act15080447
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Figure 4. Sensitivity analysis: (a) median and IQR of RLS–AGWO validation RMSE over 10 seeds at
five RLS-bound expansion margins; and (b) BCLS validation RMSE at five low-pass cutoff frequencies.

5. Discussion
5.1. Interpretation and Relation to Prior Work

The results extend the RLS-bounding strategy previously used with PSO and GA [16,17].
RLS supplies a compact domain inferred from the post-transient parameter trajectory.
The repeated-run comparison shows why this prior is useful: standard PSO has a wide
validation-error distribution, whereas RLS–PSO and RLS–GA converge consistently near
the deterministic optimum. The bound-margin analysis also shows a trade-off. Too narrow
a domain risks excluding plausible values, but unnecessarily wide bounds increase the
stochastic search burden.

The GWO ablation isolates the adaptive schedule from the RLS bounds. Its 3.0%
median improvement is measurable but modest, and overlapping dispersion prevents a
broad superiority claim. More importantly, once H is fixed, Equation (13) is convex in the
unknown vector: non-smoothness in sgn(q̇1) concerns measured velocity, not X. The BCLS
result confirms the reviewer’s mathematical point and gives the most defensible solution
for this model. AGWO is retained as a methodological bridge to future formulations with
nonlinear friction, hysteresis, unknown breakpoints, or mixed constraints, where analytical
linear least squares no longer applies.

The separate trajectory changes the motion spectrum and reversal pattern, so its RMSE
is an out-of-sample validation measure rather than same-record fitting error. However,
both records come from the same single-axis pedestal configuration and signal-processing
pipeline. The result therefore supports transfer between two motions of this apparatus; it
does not establish cross-device, human-worn, or clinical generalization.

5.2. Potential Applications

The identified base parameters can be embedded in computed-torque, gravity-
feedforward, impedance, or sliding-mode controllers. More accurate torque reconstruction
can reduce the corrective burden on a feedback loop, although the present offline exper-
iment does not test closed-loop assistance. The method is also compatible with periodic
automatic calibration: an exoskeleton could execute a short unloaded excitation, update
its RLS bounds, and solve the bounded problem before operation. For the present linear
model, BCLS is the recommended solver; population search becomes relevant only after
the parameterization is extended beyond convex linear constraints.
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5.3. Limitations and Future Work

Several limitations define the next research steps. First, the data cover one pedestal-
mounted degree of freedom, two short trajectories, and one sensing/noise condition.
They do not include multi-joint coupling, changing payloads, unrestricted human motion,
or inter-participant variability. Future work should use leave-one-trajectory-out testing
across speeds and amplitudes, then progress to ethically approved human-worn multi-
joint experiments.

Second, although 30 seeds, equal evaluation budgets, runtimes, a GWO ablation,
and two sensitivity studies are now reported, optimizer hyperparameters were held fixed.
A fuller design should vary the RLS forgetting factor, population size, µbase, and κ and
report formal paired uncertainty estimates. Third, the Coulomb-plus-viscous model cannot
represent stiction, Stribeck behavior, asymmetry, temperature dependence, or backlash
hysteresis. Those nonlinearities would provide a stronger motivation for population
search but would also require broader independent validation. Finally, real-time use
requires profiling on the target controller; the present results support offline or periodic
calibration only.

6. Conclusions
This study evaluated a two-stage RLS–AGWO identification framework under

a reproducible calibration/validation protocol. Thirty independent seeds and equal
2400-evaluation budgets showed that RLS bounds greatly reduced PSO and GA dispersion.
The adaptive schedule reduced median validation RMSE from 0.1562 N m for bounded
GWO to 0.1516 N m for RLS–AGWO, a 3.0% improvement. Nevertheless, deterministic
BCLS achieved 0.1152 N m with substantially less computation and is the appropriate choice
for the current convex linear-in-parameters problem. The useful conclusion is therefore not
that AGWO replaces least squares, but that RLS-informed bounds and system-dependent
scheduling form a testable framework for future nonlinear models. The evidence is limited
to two trajectories of a single-axis pedestal apparatus and does not establish human-worn
or real-time-control performance.
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AGWO Adaptive grey wolf optimizer
APHE Active power-assist hip exoskeleton
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GA Genetic algorithm
GWO Grey wolf optimizer
LS Least squares
NFSI Non-smooth friction severity index
PSO Particle swarm optimization
RLS Recursive least squares
RMSE Root-mean-square error
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