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Abstract—Functional Electrical Stimulation (FES) has been
recognized as a potential approach for restoring fine motor
control of the hand after central nervous system lesions, yet
achieving precise selective control remains a challenge due to
subject-specific anatomical variability. Conventional automated
calibration procedures for high-density electrode arrays typically
rely on exhaustive searches over numerous electrode combina-
tions, rendering the setup process physically demanding and
prone to inducing early muscle fatigue. Furthermore, standard
modeling approaches fail to account for the heteroskedastic
nature of FES-induced responses, where physiological noise
varies significantly between active motor points and inexcitable
regions. In this paper, we propose a robust calibration framework
based on Gaussian Process regression with a Student-t likelihood
to explicitly model heteroskedastic noise. We employ a Bayesian
Optimization scheme using the Maximum Variance Reduction
acquisition function to perform pure exploration within a strictly
limited evaluation budget. To enhance spatial correlation learn-
ing, electrode pairs are modeled as an undirected graph and
transformed into continuous geometric features. Experimental
evaluations based on exhaustive search datasets from healthy
participants reveal that standard Gaussian assumptions lead
to severe predictive instability during the exploration of active
motor regions. In contrast, the proposed Student-t model demon-
strates robust convergence and superior log-likelihood scores.
The results indicate that subject-specific response maps can be
reliably characterized within 25 to 50 trials, or equivalent to
three to four minutes, enabling the practical clinical deployment
of complex multi-electrode FES systems within routine rehabili-
tation workflows.

Index Terms—Functional Electrical Stimulation, Gaussian Pro-
cess, Bayesian Optimization, Student-t Likelihood

I. INTRODUCTION

Upper limb motor impairments, particularly those resulting
in the loss of fine finger control, are prevalent consequences
of central nervous system lesions such as stroke. Functional
Electrical Stimulation (FES) has been widely recognized as
a potential approach for restoring these lost motor functions
by artificially triggering muscle contractions via low-level
electrical pulses [1], [2]. While FES systems have demon-
strated the potential to facilitate functions such as grasping in
certain patient populations, achieving precise selective control
over individual fingers remains a significant challenge due
to the complex and overlapping musculoskeletal anatomy of
the forearm [3]]. Furthermore, as neuromuscular dynamics
and anatomical structures are highly subject-specific, the FES
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model must be accurately calibrated for each individual to
ensure effective and safe intervention.

Historically, FES interventions have required experts to
manually identify optimal stimulation sites. This trial-and-
error approach is not only time-consuming but frequently
fails to achieve sufficient selectivity, leading to inefficient
contractions and early muscle fatigue. To overcome these
issues, recent research has transitioned towards high-density
electrode arrays that allow dynamic switching of stimulation
sites [1l]. Automated calibration procedures have been pro-
posed to identify optimal stimulation parameters using motion
orforce feedback, yet many existing systems rely on sequential
search algorithms across all electrode pairs [[1], which can still
be time-consuming. Consequently, there is an urgent need for
intelligent search strategies capable of characterizing subject-
specific response maps within a strictly limited evaluation
budget.

Biomechanical simulations and musculoskeletal models pro-
vide a theoretical foundation for predicting kinematic re-
sponses to FES [4], [5]. These models can simulate the
effects of electrical fields on target muscles to identify optimal
stimulation regions. However, a significant “Reality Gap” per-
sists between these high-fidelity simulations and physiological
reality [6], characterized by substantial aleatoric uncertainty
arising from subject-specific factors, such as anatomical and
morphological variations and electrode-skin contact dynam-
ics. From a statistical perspective, these factors introduce
complex non-linearities and heteroskedasticity [7]]. As noted
by Enoka et al. [§], FES recruitment order is relatively
random and frequently contaminated by unintended sensory
feedback loops. This results in “heavy-tailed” noise distribu-
tions where observations near sensitive motor points exhibit
high-frequency fluctuations driven by spinal reflex activation,
differing significantly from the stable background regions.
Consequently, first-principles models alone are insufficient for
reliable calibration [6]]. Reliable calibration therefore requires
robust, data-driven methods that explicitly model this non-
uniform and heavy-tailed noise to distinguish between true
physiological signals and measurement outliers [9]], [[10].

In this paper, we propose a robust calibration framework
based on Gaussian Process (GP) regression [11] with a
Student-t likelihood [12]], [13] to explicitly model the het-
eroskedastic and heavy-tailed noise inherent in neuromus-
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cular responses. This choice of likelihood ensures that the
resulting response map is globally accurate and sufficiently
robust against unmodeled stochasticity. The proposed model
is integrated within a Bayesian Optimization (BO) [14], [[15]
scheme to guide the search process. While many BO appli-
cations employ reward-seeking strategies such as Expected
Improvement [16] to find a single optimum, relying on a
solitary operating point is risky in clinical practice. Robust
clinical intervention requires a comprehensive understanding
of the response surface to identify broad regions of effective
stimulation that remain stable despite anatomical shifts or
muscle fatigue. Consequently, we aim to reliably characterize
regions of maximally selective motor activation, providing
the essential foundation for effective, subject-specific FES
calibration protocols. To achieve this, we employ a pure
exploration strategy using the Maximum Variance Reduction
(MVR) acquisition function. MVR sequentially selects inputs
that maximize posterior uncertainty, which has been shown
to be effective for minimizing simple regret Ry within a
fixed evaluation budget N [17]. Here, assuming a maxi-
mization problem of an objective function f, simple regret
is defined as: Ry = f(2*) — maxs—1,. n f(x¢), where
x* = argmax,ex f(x) is the global maximizer.

The efficacy of this MVR exploration strategy, however,
hinges on accurate uncertainty estimation, which is fundamen-
tally compromised in conventional GP-based FES modeling.
Standard GP models typically assume a homoskedastic ob-
servation model where noise variance is constant across-the
entire input space [18], [19]. In contrast, FES data is inherently
heteroskedastic; measurements in physiologically “silent” re=
gions exhibit near-zero variance, whereas regions near motor
points show high variance due to factors such-as spinal reflex
activation and muscle fatigue. To address this, we adopta
hierarchical approach that treats the Student-¢ distribution as
a scale mixture of Gaussians. By assigning a latent auxiliary
variable with a conjugate Gamma prior to each data point,
the model estimates an individual observation precision for
every trial. This structure enables the model to adaptively
“down-weight” noisy measurements during inference, as the
expected precision is naturally reduced for points with large
residuals or high variability. To maintain the computational
speed required for clinical practice, we employ Coordinate
Ascent Variational Inference (CAVI) [20]] to approximate the
non-conjugate posterior. This allows for a computationally
efficient characterization of non-uniform noise, ensuring that
the predictive variance used by the MVR function remains
a reliable indicator of model uncertainty rather than being
inflated by transient physiological artifacts.

We validate the proposed framework through retrospective
simulations using dense ground-truth datasets collected from
healthy participants. Our results demonstrate that while stan-
dard Gaussian models exhibit significant instability when en-
countering high-variance motor responses, the Student-¢ likeli-
hood effectively attenuates the influence of these physiological
artifacts. This robustness enables the reliable identification
of optimal stimulation sites within 25 to 50 trials. Conse-

quently, the proposed approach allows for stable calibration in
approximately three to four minutes, significantly enhancing
clinical feasibility by preserving time and muscle capacity for
subsequent rehabilitation.

II. PRELIMINARIES
A. Gaussian Process Regression

Consider a regression problem with a dataset D =
{(xi,yi)}1—,. We assume the observation model y; = f(x;)+
€;, where f(x) is a latent function and ¢; represents the
measurement noise. To infer the underlying function from
noisy observations, we place a GP prior on f(x):

f(x) ~ GP(m(x), k(x,x)),

where m(x) is the mean function, often assumed to be zero,
and k(x,x’) is the covariance function (kernel) encoding

the smoothness and structure of the function [11]. Following

s . . 1id.
Bayes’ theorem, under the noise assumption &; ~ A(0,02),

the predictive mean and covariance for a test input x, is given
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where K is the covariance matrix with K;; = k(x;,x;), k. =
[k (s X )50, K(%0, %:)] T, and kuw = (X4, X ).

B. Bayesian Optimization

BO is a sequential model-based approach designed for
the global optimization of expensive-to-evaluate black-box
functions f [[14]], [15]]. The procedure consists of two primary
components: a Bayesian surrogate model, typically a GP, and
an acquisition function. At each iteration n, the surrogate
model is updated with all available data to provide a posterior
distribution, and the acquisition function guides the search by
selecting the next evaluation point.

In this work, we prioritize global learning to facilitate safe
optimization of the stimulation parameters. To this end, we
employ the MVR acquisition function, a purely exploratory
strategy that sequentially selects an input where the posterior
uncertainty of the GP model is maximized [17]:

Tn = argmax o2 (z). 2)

By repeatedly sampling points with the largest predictive
variance, the algorithm aims to reduce global uncertainty over
the search space. After exhausting a fixed evaluation budget
N, the framework returns a candidate maximizer based on
the posterior mean of the learned GP model. However, in this
work, we use the entire learned GP posterior as the calibrated
subject-specific response map.

1II. METHODOLOGY

A. Problem Statement

The primary objective of this framework is to efficiently
learn the unknown mapping y = f(x) + ¢ between a
stimulation pair x € X and the resulting motor response
y € R (e.g., flexion angle of the index finger). Given the



(a) Electrode layout.

(b) Experimental setup.

Fig. 1: Electrode array and experimental setup: (a) Design and
layout of the 32-channel high-density array; (b) Attachment of
the array to the participant’s forearm.

practical constraints of clinical settings, where the number
of trials per patient (evaluation budget N) is strictly limited,
the system must strategically explore the input space. While
the ultimate clinical goal is to minimize simple regret to
accurately identify the most effective stimulation sites for
subsequent rehabilitation, the acquisition strategy prioritizes
active learning to reduce global posterior uncertainty. This
approach ensures that the resulting response map is globally
accurate, providing a robust foundation for effective, subject-
specific FES deployment.

B. Search Space Formulation as an Undirected Graph

We model the set of 32 electrodes as nodes V' =
{e1,...,e32} in a graph, arranged in the high-density grid
structure illustrated in Fig. [Ta] A single stimulation configu-
ration x is defined as an undirected edge {e;,e;} from this
graph. The search space X corresponds to the edge set of
a complete graph on |V| nodes, resulfing in (%) =496
unique candidate stimulation pairs. This formulation assumes
that, given the use of charge-balanced bi<phasic stimulation,
swapping the anode and cathode does not significantly alter

the functional muscle activation response.

C. Geometric Feature Engineering

To enable the GP model to capture spatial correlations, we
transform each categorical electrode pair into a continuous 4-
dimensional feature vector z € R*. Let p; = (x;,y;) denote
the 2D coordinates of electrode e; on the flattened grid. For a
pair {e;,e;}, we compute:

1) Euclidean Distance: d = ||p; — p;||2, which influences

the depth and volume of the induced electric field.

2) Midpoint Coordinates: (m,,m,) = (p; + p;)/2,
representing the anatomical site of stimulation on the
forearm in 2D.

3) Normalized Angle: § = | atan2(y; — y;, z; — x;)|, nor-
malized to [0, 7] to maintain uniqueness for undirected
edges. This acts as a proxy for the orientation of the
electric field relative to the underlying anatomy, allowing
the kernel to learn anisotropic spatial correlations.

D. Response Map Creation via Pure Exploration

The motor response is modeled using GP regression de-
scribed in Section To select subsequent stimulation can-
didates, we employ the MVR acquisition function described
in Subsection [[I-B] This strategy separates exploration from
exploitation, focusing first on minimizing model error across
the entire search space. This global fidelity ensures that the
subsequent identification of the optimal stimulation site is
based on a reliable surrogate model rather than sparse or noisy
data.

E. Modeling Latent Response under Heteroskedastic Noise

A significant challenge in FES calibration is that noise char-
acteristics often vary across the input space, a phenomenon
known as heteroskedasticity. For instance, stimulation in inex-
citable regions typically yields zero or near-constant responses
with minimal variance. In contrast, measurements in feasible
motor regions exhibithigher variance due to physiological fac-
tors such as stochastic motor unit recruitment, spinal reflexes,
and muscle fatigue. Accounting for this non-uniform noise is
essential for maintaining predictive accuracy across the entire
workspace. While. standard approaches model noise variance
using an auxiliary GP, these methods substantially increase the
computational burden.

In this work, we address heteroskedasticity by adopting a
Student-¢_likelihood, which offers inherent robustness against
outliers and naturally accommodates data-dependent noise
scales. The Student-t¢ distribution can be represented as a scale
mixture of Gaussians by introducing latent auxiliary variables
A= [A,.-ey /\n]T, which follow a Gamma distribution
characterized by shape and rate parameters:

Yi | fishi ~ N(ys; fi, 02/ N),

where each \; serves as a local precision weight for the i-th
observation, and Gam(v/2,v/2) denotes the Gamma distri-
bution with both shape and rate parameters set to v/2. The
parameter v dictates the degrees of freedom of the marginal
Student-¢ distribution. As ¥ — oo, the model approaches
a Gaussian; lower values yield heavier tails. We selected
comparatively small v values to specifically ensure robustness
against the heavy-tailed, sporadic noise characteristic of spinal
reflexes.

Using a Student-t likelihood results in a non-conjugate
model when paired with a GP prior, making the exact posterior
analytically intractable. To address this while preserving com-
putational efficiency, we employ CAVI. We use the factorized
variational posterior

Ai ~ Gam(\;;v/2,v/2),

g(£,2) = q(f) [T a0,
i=1
where ¢(f) = N(f;m,S) and ¢(\;) = Gam(\;; g, §;). The
optimal local precision \; = E,(»,)[As] is updated iteratively

as:
- v+1
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where m; and S;; denote the i-th element of variational mean
vector m and the ¢-th diagonal element of the covariance
matrix S, representing the variational mean and variance of
fi, respectively. By fixing ); at each iteration, the model sim-
plifies to a standard GP with heteroskedastic Gaussian noise
. = diag(62/)1,...,02/\,). The kernel hyperparameters
0 can then be optimized by maximizing the marginal log-
likelihood (MLL):

_ 1 1
Inp(y | A, 0) x —§yT(K9 + 26)_1y ~3 In|Ky+ X,

This alternating update scheme between variational parameters
and kernel hyperparameters ensures fast and robust inference
of the response map. The predictive distribution can also be
obtained by replacing the constant noise in Equation || with
the weighted noise.

F. Summary of the Proposed Method

We summarize the proposed calibration framework in Al-
gorithm [I] This procedure integrates the graph-based search
space formulation, geometric feature engineering, and robust
GP modeling to identify optimal stimulation sites within a
limited clinical budget. By using the MVR acquisition func-
tion, the framework prioritizes global uncertainty reduction to
ensure that high-response areas are reliably characterized for
deploying a complex FES system.

Algorithm 1 Proposed FES Calibration Framework

Require: Electrode set V, Budget N, Mapping ¢ : X — Z
1: Search Space Construction:
Define X of undirected edges from V'
2: Feature Engineering:
Compute features z = [d, m,, my;0] forall x € X
3: Initialization:
Acquire initial dataset Dy, = {(2;,¥:)}12,
cforn=no+1,...,N do
5: Robust GP Inference:
Update Student-¢ GP posterior approximation
6: Acquisition Optimization (MVR):
Select z,, = arg max,ez 02 _,(2)
7: FES Evaluation:
Stimulate x,,; observe response y,,
8: Data Augmentation:
Dn — Dn—l U {(Zn7yn)}
9: end for
10: Calibration Result:
11: return Learned GP model

I

IV. EVALUATION

To validate the proposed calibration framework, we con-
ducted experiments using real-world FES data collected from
two healthy participants, both of whom were male with an
average age of 25. The evaluation aimed to (1) confirm the
heteroskedastic nature of FES responses and (2) quantify the

robustness and efficiency of the proposed GP with Student-
t likelihood model compared to a standard Gaussian GP
baseline.

A. Data Acquisition and Processing

1) Hardware Setup: We used a programmable FES stimu-
lator (Tecnalia Research & Innovation) with a 32-channel elec-
trode array. Stimulation consisted of biphasic pulses (25 Hz,
300 ps pulse width). The array was secured to the dorsal aspect
of the forearm, overlying the extensor muscle group.

2) Response Metric: Kinematic data were recorded at
100 Hz using a Qualisys optical motion capture system with
markers placed on the index finger joints, specifically the
metacarpophalangeal (MCP), proximal interphalangeal (PIP),
and distal interphalangeal (DIP) joints. The motor response Y
was defined as the sum of the maximum angular displacements
of these joints from their resting positions:

Z (9‘7‘ (tpeak> - 9j (tstart))~

j€{MCP, PIP, DIP}

Y =

3) Data Collection via Exhaustive Search: For each partic-
ipant, we performed an exhaustive search of all M = (322) =
496 candidate electrode pairs. This search space assumes
that the direction of the charge-balanced pulses does not
significantly. impact muscle recruitment, allowing us to treat
electrode pairs as undirected edges. Each pair was evaluated
5 times to-capture response variability, resulting in a total of
2,480 measurements per participant, conducted over a five-day
period.

As illustrated in Fig. [Ib] the participant’s hand was fixed
to a cylindrical object while maintaining a relaxed posture.
Each individual stimulation sequence followed a standardized
5s timing sequence:

1) Initial rest: A baseline period of 1s.
2) Ramp-up: A gradual increase of stimulation amplitude

over 0.5s.

3) Stimulation: Maintenance of maximum amplitude for
2s.

4) Ramp-down: A gradual decrease of amplitude over
0.5s.

5) Final rest: A recovery period of 1s.

B. Evaluation Protocol

The efficacy of the proposed calibration framework was
evaluated through simulated BO runs using the collected
ground-truth dataset. For each participant, we conducted 50
independent runs to ensure that the reported results are repre-
sentative of the framework’s typical behavior rather than being
artifacts of a specific random seed. Each run was assigned a
total evaluation budget of N = 100 evaluations, consisting of:

1) Initialization: 1 sample selected via random sampling

to initialize the surrogate model.

2) BO-guided Search: 99 iterations sequentially selected

by the MVR acquisition function.

In the BO evaluation, we employed a resampling strategy
to simulate realistic heteroskedastic noise. Instead of using a
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Fig. 2: Ground-truth characteristics of the FES search space. (a)—(b) Spatial visualization of the mean response maps for Subject
1 and Subject 2, obtained by averaging measurements from five independent exhaustive searches. The response denotes the total
angular displacement from the resting posture (0°); negative values indicate minor kinematic fluctuations observed during high-
intensity contractions. (c)—(d) Histograms showing the distribution of empirical response standard deviations. The co-existence
of low-variance (silent) and high-variance (active) regions confirms strong heteroskedasticity. Additionally, the distribution
exhibits the effect of heavy-tailedness, supporting the use of the Student-t likelihood to robustly accommodate such variability.

TABLE I: Evolution of Predictive Log-Likelihood (PLL) on held-out test data. Values represent Mean £ Standard Deviation
across 50 independent runs. Bold entries denote the best-performing model at each iteration. The proposed Student-t models
(particularly ¥ = 3) demonstrate superior stability and higher likelihood scores during the early exploration phase (Trials 5-25),
whereas the Gaussian baseline exhibits extreme instability as indicated by the large standard deviations.

Iteration
Sub.  Model 5 10 15 25 50 100
v=3 —3.107 +1.843 —1.965 + 0.621 —1.904 £0.707 . —1.728 + 0.412 —1.694 £+ 0.370 —1.589 + 0.221
v="7 —4.413 + 3.283 —2.577 £+ 1.268 —2.101 £0.644 —1.935 + 0.559 —1.560 +0.178 —1.541 £ 0.141
S v=11 —5.889 £+ 4.770 —2.823 + 1.533 —2.512#+ 0.940 —=2.117+0.785 —1.646 £ 0.167 —1.660 £0.117
v=15 —6.193 £ 5.607 —2.793 £+ 1.267 —2.718 +£ 0.923 —2.366 £ 0.777 —1.705 £ 0.252 —1.783 £0.116
v=19 —7.674 £ 7.417 —3.678 £ 2.805 —3.191 + 1:586 =2.607 £ 0.877 —1.776 £ 0.254 —1.945 +0.142
Gaussian —321.193 £ 561.502 —168.528 +594.984  —24.272 £43.646 —8.637 £ 33.807 —1.582 £ 0.203 —1.358 +0.087
v=3 —4.348 +2.135 —3.043 £ 1.528 —2.453 £1.311 —1.819+1.245 —1.005+0.696 —0.825+ 0.562
v="7T —6.986 £+ 4.159 —4.922 + 2.706 —4:105 £ 1.958 —3.156 £ 1.617 —2.280 £ 1.309 —1.820 £ 0.569
2 v=11 —9.379 £+ 5.944 —6.313 £+ 4.320 =5.026 £+ 2.477 —4.125 + 2.036 —3.334 £ 1.300 —2.726 £ 0.617
v=15 —11.642 4 7.480 —7.545 £+ 4.955 —5.927 + 3.066 —5.118 +2.284 —3.390 £ 0.917 —3.055 £0.735
v =19 —13.559 £9.177 —8.887.4£6.088 —7.066 + 3.764 —6.324 £+ 2.905 —4.226 £ 1.368 —3.559 + 0.786
Gaussian ~ —552.663 +2176.276  —155.871 % 698.534 —9.838 + 11.295 —8.791 £+ 13.013 —4.434 + 3.310 —2.040 £ 0.810

fixed mean value, the observation y,, for a selected pair x,, was
randomly sampled from the five repeated samples available in
the ground-truth. This strategy preserves natural physiologi-
cal variability, capturing the aleatoric uncertainty driven by
stochastic recruitment and reflex‘loops. Consequently, silent
pairs exhibit near-zero variance, while active motor points dis-
play the high-variance, heavy-tailed distributions characteristic
of clinical FES data, providing a realistic testbed for evaluating
the robust Student-¢ likelihood.

To assess the global predictive capability, we monitor the
mean Predictive Log-Likelihood (PLL) on held-out test data.
At iteration t, the PLL is computed across the entire search
space of M = 496 pairs as:

1

PLL, = —
M= 1Y)

Z log pt(y | x;).

()
ye’}-lj

Here, p; is the predictive distribution, and the test set H;t)
strictly excludes the training samples used in D;:

{yﬁk)}k#*, x; € Dy

HW — . ,
7 WY, x;¢D

where k£* denotes the index of the specific measurement
sampled during the BO process.

C. Results

1) Characteristics of FES Response: Fig. 2] presents the
ground-truth landscape. Fig. PJa)—(b) show the spatial local-
ization of effective stimulation sites. Crucially, the variance
histograms in Fig. 2fc)—(d) reveal a heavy-tailed distribution.
The coexistence of low-variance (silent) regions and high-
variance (active) regions confirms the strong heteroskedasticity
of the data, validating the necessity of our hierarchical noise
model.

2) Calibration Performance: Table [I] summarizes the re-
sults, and Fig. [3] illustrates the optimization trajectory. The
proposed GP with Student-t models (particularly with v = 3)
demonstrated superior stability compared to the Gaussian
baseline. As shown in Fig. EL the Gaussian GP (blue) exhibited
extreme instability during the early exploration phase (Trials
1-40), characterized by sharp drops in likelihood. This indi-
cates that the Gaussian model failed to handle high-variance
outliers, degrading its global predictive capability. In contrast,
the Student-¢ models maintained a monotonic improvement.
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Fig. 3: Evolution of predictive performance during the cali-
bration process. The plots show the PredictiveLog Likelihood
(PLL) on held-out test data for (a) Subject 1 and (b) Subject
2 over 100 trials. The proposed GP with' Student-¢ likelihood
models (red gradients, v € {3,...,19}) demonstrate rapid and
stable convergence from the onset. In contrast, the standard
Gaussian GP baseline (blue) exhibits significant instability
during the early exploration phase (e.g., Iterations 1-40 in
Subject 1), characterized by sharp drops in likelihood when
encountering high-variance observations. Shaded regions de-
note the standard error across 50 independent runs.

Quantitatively, for Subject 2 (Table |I|), the Student-¢ model
(v = 3) consistently outperformed the Gaussian baseline,
achieving a final PLL of —0.825 versus —2.040.

V. DISCUSSION

The results demonstrate the critical importance of explic-
itly modeling heteroskedastic noise to ensure stable FES
calibration. As the MVR acquisition function actively seeks
uncertainty, it naturally drives the search toward high-variance
regions. However, in a physiological context, such variance is
frequently exacerbated by factors such as unintended spinal
reflexes rather than informative signal trends A standard Gaus-
sian likelihood interprets this physiological variance as model

error, inflating global noise and destabilizing the map. In
contrast, the Student-¢t model mitigates this by down-weighting
high-variance observations via the latent precision variable A,
enabling robust learning even with sparse data.

A. Clinical Utility and Best Spot Identification

Clinically, identifying the stable “best spot” for stimulation
is paramount. Although MVR targets global uncertainty reduc-
tion rather than direct maximization, the rapid convergence
of the posterior mean (Fig. [B) confirms that the framework
can reliably pinpoint optimal sites. Furthermore, the Student-¢
model’s robustness against outliers reduces “false positives,”
preventing the mistaken selection of noisy regions that appear
as peaks due to unmodeled stochasticity.

B. Methodological Considerations

Several factors remain to be addressed for further refine-
ment. Regarding the geometric representation, our flattened
2D features simplify the actual 3D forearm structure. This
projection creates a risk where the distance between elec-
trodes at the wrapping boundaries is overestimated, potentially
degrading the spatial correlation learning of the GP model.
To address this geometric distortion, incorporating geodesic
distances on a cylindrical manifold would better model the
3D anatomy and mitigate these edge effects. Similarly, we
treated electrode pairs as undirected edges based on the
assumption of biphasic symmetry. However, if polarity shifts
significantly affect recruitment due to nerve orientation, this
simplification could mask distinct directional responses. Future
studies should verify these effects to ensure that the search
space definition fully captures the physiological reality. Fur-
thermore, we assumed a time-invariant mapping throughout
the procedure. While fatigue was likely minimal during our
short calibration window, this assumption limits applicability
in longer sessions where physiological states drift. Long-term
applications must account for such response shifts caused
by muscle fatigue to maintain the accuracy of the optimal
parameters. Finally, the current implementation is limited
to a discrete pairwise search. Extending this approach to
simultaneous multi-electrode activation, often referred to as
virtual electrodes, could offer a more continuous stimulation
space. This expansion would allow the system to identify
optimal stimulation points that lie between physical electrodes,
thereby potentially improving spatial resolution.

C. Physiological Modeling and Selectivity

Our method treats neuromuscular physiology as a “black-
box” mapping. This data-driven approach is robust to the
“Reality Gap” inherent in biomechanical simulations because
it avoids reliance on rigid anatomical assumptions. However,
ignoring prior knowledge means the model must learn the
response surface entirely from data, which places a heavier
burden on the exploration phase. Adopting a ‘“gray-box”
approach could accelerate calibration by incorporating known
physiological features, such as recruitment curves or reflex
dynamics, directly into the model structure. Moreover, clinical



neurorehabilitation demands precise selectivity across fingers
rather than simple contraction. While the current method
maximizes single-digit flexion, functional tasks require coor-
dinated control to avoid unintended grasping synergies. The
framework can be extended to multi-objective optimization to
address this need. This extension would allow the system to
maximize target activation while simultaneously minimizing
the unintended co-activation of adjacent digits.

D. Clinical Feasibility and Time Efficiency

The clinical adoption of advanced FES systems is cur-
rently hindered by the time-intensive nature of the calibration
procedure. Compared to conventional methods (/5 min), our
framework adds negligible inference overhead (=5 s/iteration).
As the Student-t model achieves stable accuracy between
Iterations 25 and 50 (Table E]), calibration can be completed in
3m to 4m. This efficiency supports early stopping, offering a
significant advantage for clinical deployment.

VI. CONCLUSION AND FUTURE WORK

We presented a robust FES calibration framework that
employs Gaussian Process regression with a Student-¢ likeli-
hood to explicitly model heteroskedastic neuromuscular noise.
Integrated with a Maximum Variance Reduction acquisition
strategy, our approach demonstrates superior predictive sta-
bility compared to standard Gaussian baselines, effectively
handling physiological outliers. Experimental results confirm
that subject-specific response maps can be reliably character=
ized in approximately three to four minutes. This significant
reduction in setup time minimizes patient fatigue, offering a
clinically viable solution for a use of complex FES system.in
personalized neurorehabilitation. Future work will extend this
framework to multi-objective optimization to further enhance
fine finger selectivity.
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