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Abstract—Controller tuning and optimization remain fun-
damental challenges in dynamic control of mechatronic
and robotic systems. Traditional model-based methods de-
pend heavily on accurate mathematical representations,
which are difficult to obtain for complex real-world systems.
This limitation motivates learning-based methods, such
as Bayesian optimization (BO), which leverage abundant
data to enhance control performance. However, applying
BO to mechatronic systems often encounters slow con-
vergence and safety issues. This article proposes SAFEC-
TRLBO, designed to safely and efficiently optimize multiple
controllers simultaneously. SAFECTRLBO addresses con-
ventional BO limitations via two key innovations: first, it in-
tegrates additive Gaussian kernels in Gaussian processes,
significantly improving the efficiency of Gaussian process
updates for unknown functions, reducing total iterations
needed for convergence; second, it simplifies the safe
exploration strategy without compromising exploration
effectiveness, reducing computational complexity per
iteration. The method is validated experimentally on a
flexure-joint biaxial gantry robot performing circular and
cardioid-shaped contouring tasks. Results show that con-
trollers optimized with SAFECTRLBO substantially outper-
form initial controllers, reducing contouring errors by 74.7%
and 72.2%, respectively. Our approach consistently sur-
passes existing BO methods in optimization performance
while ensuring safety, demonstrating its practical potential
in complex control systems.
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I. INTRODUCTION

CONTROLLER optimization plays a crucial role in modern
industrial systems, serving as the key to ensuring high

performance, reliability, and efficiency. Classical controller tun-
ing methods typically rely on manual parameter adjustments or
simple rule-of-thumb heuristics [1], which struggle to cope with
the increasing complexity and dimensionality of contemporary
control problems. Rising industrial demands for rapid response
and robustness have driven a shift toward automated, data-driven
tuning methods [2], particularly in advanced manufacturing [3],
robotics [4], and precision motion systems [5], [6], [7], [8],
where systematic and efficient identification of near-optimal
control parameters is critical.

Recently, Bayesian optimization (BO) has attracted attention
for automatic controller tuning [9], [10], [11], [12]. BO pro-
vides a probabilistic framework to model complex objective
functions through surrogate models, such as Gaussian processes
(GPs) [13], [14]. By sequentially selecting parameters through
acquisition functions, BO avoids exhaustive grid searches and
trial-and-error procedures. Its capability to handle noisy data
and balance exploration with exploitation makes it popular in
both academic research and industrial applications.

However, standard BO methods lack inherent safety guar-
antees. Because each BO evaluation involves operating real
hardware, maintaining safety at every optimization step is
crucial. Unsafe parameter selections risk equipment damage
or excessive wear. Researchers have thus explored safety-
aware BO variants [15], [16], [17], [18], incorporating ex-
plicit safety constraints to ensure selected configurations re-
spect predefined safety and performance limits. Compared with
safety-aware BO methods, gradient-based approximation meth-
ods with norm-limited functions, such as the smoothed func-
tional algorithm (SFA) with norm-limited update vectors [19],
memorizable SFA [20], and norm-limited simultaneous per-
turbation stochastic approximation (SPSA) [21], lack explicit
safety guarantees, potentially risking constraint violations dur-
ing the optimization. Adaptive control approaches, e.g., brain
emotional learning-based intelligent controllerproportional–
integral–derivative (PID) [22], neuroendocrine-PID [23], sig-
moid PID [24], and intelligent PID (iPID) [25], adapt parameters
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Fig. 1. Flexure-joint biaxial gantry system used in this work.

online to address unknown or uncertain system dynamics, but
their focus remains primarily on stability rather than explic-
itly managing performance or constraint violations. Similarly,
model-free reinforcement learning (RL) methods require exten-
sive exploration, risking safety violations early in training. Con-
strained RL explicitly considers safety but suffers from slow con-
vergence and heavy sampling, especially in high-dimensional
tasks.

Safe BO has been applied successfully in practical scenar-
ios, such as quadrotor control [26], room temperature regula-
tion [27], and industrial cascaded controllers [28], demonstrating
its real-world feasibility. Despite these advances, applying safe
BO to multidimensional controller tuning tasks remains chal-
lenging due to complex dynamics, intricate safety constraints,
and tightly coupled parameters [29], [30], [31].

In this work, we focus on control problems of moderate
dimensionality, typically involving around six or more param-
eters, but not scaling up to hundreds or thousands, such as the
flexure-joint biaxial gantry system, studied here. We propose
a novel safety-aware BO method, SAFECTRLBO, specifically
for multiparameter controller tuning. The method addresses
shortcomings of conventional safe BO algorithms, which lose
performance as dimensionality grows, and high-dimensional
safe BO strategies, which require impractically many iterations
to be practical in time-sensitive industrial settings. The contri-
butions of this work are summarized as follows.

1) Additive Gaussian kernels [32] are introduced into
safety-aware BO for the first time, significantly im-
proving the efficiency of gaussian process (GP) up-
dates for high-dimensional objectives. These ker-
nels naturally handle different signal variances and
lengthscales across parameters, ideal for control
systems with varied parameter ranges.

2) The safe exploration strategy from conventional safe
BO methods is simplified to reduce computational com-
plexity. The convergence of SAFECTRLBO is rigorously
analyzed under safety constraints.

3) The proposed method is validated experimentally us-
ing an industrial flexure-joint biaxial gantry system
(see Fig. 1). We demonstrate that SAFECTRLBO safely

Fig. 2. Schematic diagram of the biaxial gantry system.

and effectively tunes nine PID controller parameters
simultaneously. Experimental results show that SAFEC-
TRLBO maintains stability and reliability throughout op-
timization and achieves better performance than baseline
autotuning methods.

The rest of this article is organized as follows. Section
II formulates the safety-critical control optimization problem
and connects it to the gantry system. Section III details the
SAFECTRLBO method and discusses its theoretical perfor-
mance. Section IV presents experimental results and analy-
sis from hardware testing. Finally, Section V concludes the
article.

II. PROBLEM STATEMENT

A. Flexure-Joint Biaxial Gantry Systems

Biaxial gantry robots are widely used in high-precision
tasks [33], [34], [35], [36], [37], [38]. Their flexure-joint struc-
tures and tightly coupled axes demand precise multiparameter
control. The experimental setup used in this work is shown in
Fig. 1, with its schematic in Fig. 2. The gantry system includes
three carriages: two parallel carriages along the x-axis and one
along the y-axis, each driven by a linear motor. Multiple air
bearings support the platform to ensure smooth carriage motion.
The system also consists of a structural bar, a cross-arm, and an
end-effector.

Of particular interest, the cross-arm with the end-effector
module is connected to the two parallel x-axis carriages via
two flexure joints. These joints are made of flexible stainless
steel sheets that permit a small degree of desynchronization in
the x-axis, thereby adding an extra degree of freedom and, to
some extent, protecting the cross-arm from severe damage un-
der unintended operations. However, this flexibility introduces
strong coupling effects, complicating precision contouring
control.

In this work, three PID controllers regulate the position trajec-
tories of the three carriages. Notably, precisely obtaining the x-
axis coordinate of the end-effector typically requires laser-based
positioning, which can be challenging for complex trajectories.
A reasonable assumption can be made that the cross-arm is
rigid, making the cross-arm’s x-axis coordinate the average of
the x1 and x2 carriage coordinates. If x1 and x2 differ, then
the cross-arm forms an angle Θ with the y-axis linear motor,
so the end-effector’s y coordinate becomes xy · sec(Θ). This
assumption was also used in prior works [35], [36].
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Fig. 3. Block diagram of a typical PID control system.

B. Safety-Critical Control Optimization

The safety-critical control optimization problem is formalized
in this section. Consider the PID control law (see Fig. 3)

u[k] = Kpe[k] +KiTs

k∑
j=0

e[j] +Kd
e[k]− e[k − 1]

Ts
(1)

whereu[k] is the control signal at time step k, e[k] = r[k]− y[k]
is the contouring error, y[k] is the measured system output with
noise, and r[k] is the reference signal. Let a = {Kp,Ki,Kd}
represent the controller parameters. Given a control task (e.g.,
contouring or velocity tracking), different parameters a yield
varying performance levels. By formulating the performance J
as a function of a, denoted by J(a) : A→ R, the goal of control
optimization is to identify the parameter a that maximizes J(a).

Data-driven optimization methods, such as BO, select param-
eters an iteratively, where n is the iteration index. By measuring
noisy system performance J(an) at each iteration, the algorithm
progressively learns the unknown function J(a), eventually
identifying the optimal parameter a∗.

Since each evaluation of J(an) requires real-system oper-
ation, safety must be guaranteed at every iteration. Unsafe
parameters can prevent successful task completion, interrupt
the optimization, or damage the hardware (e.g., drone collision
or gantry joint fracture). We assume an initial safe parameter
tuple (a0, J(a0)) is known, usually provided by the equipment
manufacturer, ensuring stable but suboptimal performance. The
optimization begins from this safe starting point.

Similar to J(a), system safety is formulated as a function
of parameters G(a) : A→ R, while J(a) is a single objective
function,G(a)may include multiple safety criteria. For a chosen
safety threshold Gmin, parameters a satisfying G(a) ≥ Gmin

are deemed safe. Consequently, all selected parameters an must
meet G(an) ≥ Gmin, including the initial parameter a0.

The performance function J is defined as

J(an) =
CJ

‖ec‖rms
(2)

where CJ is constant and ‖ec‖rms is the root mean square (rms)
contouring error. A larger error reduces J(an).

The safety function G is defined as

G(an) =
CG∑
uTRu

(3)

where u = [ux1 , ux2 , uy]
T is the control signal vector and R is

a positive semi-definite matrix. Larger control signals reduce
G(an), penalizing excessive control efforts.

Typically, small PID gains yield low control signals, resulting
in poor performance (higher errors, lower J(an)). Conversely,
overly large PID gains produce high control signals, risking
actuator saturation, reduced robustness, and increased energy
consumption. Some unsafe parameters may even lead to unpre-
dictable or immeasurable performance.

III. SAFECTRLBO: SAFE BO VIA ADDITIVE GPS

This section details the proposed safety-aware BO method,
SAFECTRLBO. We first review conventional safe BO algorithms,
then introduce the two key components of SAFECTRLBO: ad-
ditive Gaussian kernels and the acquisition functions. Next, the
convergence properties of SAFECTRLBO during the optimization
process are analyzed. Finally, we examine the computational
complexity of the overall optimization process and individual
iterations.

A. Safe BO

Conventional safe BO methods approximate unknown objec-
tive functions using GPs. Given a kernel function k(ai,aj), GPs
predict the mean and variance of the objective function at new
points based on past observations

μn(a) = kn(a)(Kn + Inσ
2
ω)
−1J̃n (4)

σ2
n(a) = k(a,a)− kn(a)(Kn + Inσ

2
ω)
−1kT

n (a) (5)

where J̃n = [J̃(a1), . . . , J̃(an)]
T contains noisy perfor-

mance measurements, [Kn](i,j) = k(ai,aj), and kn(a) =
[k(a,a1), . . . , k(a,an)].

Safe BO methods typically rely on two key assumptions.
1) The objective functions have bounded norms in their re-
producing kernel Hilbert spaces (RKHS). 2) The functions are
Lipschitz-continuous. Under these assumptions, the objective
function’s value is constrained within a GP-based confidence
interval defined as

un(a) = μn−1(a) + βnσn−1(a) (6)

ln(a) = μn−1(a)− βnσn−1(a) (7)

where βn determines the width of the interval. Then, acquisition
functions, such as the [GP-upper confidence bound (UCB)]
method [13], that maximizes the upper confidence interval,
select the next predicted parameter a based on the confidence
interval.

The most important feature of conventional safe BO algo-
rithms [16], [17], [26] is the definition of several critical sets.
The safe set is

Sn = {a ∈ A | ∀i, l(i)n (a) ≥ hi} (8)

containing parameters that meet safety thresholds hi. The po-
tential expander set, capable of enlarging the safe set, is defined
as

En = {a ∈ Sn | ∀i,∃a′ ∈ A \ Sn, ln,(a,un(a))(a
′) ≥ hi}.

(9)
In addition, some algorithms introduce the potential maxi-
mizer set, identifying parameters that potentially yield optimal
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performance

Mn = {a ∈ Sn | u(1)
n (a) ≥ max

a′∈Sn
l(1)
n (a′)}. (10)

By restricting parameter selection to the safe set Sn, these
algorithms maintain high probability safety throughout the
optimization process.

B. Additive GPs

Despite recent advances, high-dimensional safe BO methods
employing squared-exponential or Matérn kernels have lim-
ited efficiency in acquiring information. Inspired by additive
GPs [32], we implement additive structures to the original
Gaussian kernels to improve efficiency. These additive kernels
combine 1-D base Gaussian kernels, defined as

k(ai,aj) = exp

(
−‖ai − aj‖2

2σ2

)
. (11)

Let zi denote the base kernel for the ith dimension. An additive
kernel of order n in a D-dimensional parameter space is given
by

kaddn(a,a
′) =

∑
1≤i1<i2<...<in≤D

n∏
d=1

zid . (12)

The RKHS boundedness and Lipschitz continuity of these
additive kernels, verified in [31], ensure they satisfy the required
assumptions for safe BO.

C. Acquisition Functions

In conventional safe BO methods, calculating the potential
expander set En can be computationally demanding, particu-
larly with additive kernels, hindering real-time optimization. In
SAFECTRLBO, En is simplified to the set of safe boundary points
Bn, defined as follows.

Definition 1: Set of safe boundary points Bn: Bn = {a ∈
Sn | l(i)n (a) = hi}.

This simplification yields a new acquisition function during
the safe expansion stage

an = argmax
a∈Bn

σn−1(a). (13)

The complete procedure of SAFECTRLBO is summarized
in Algorithm 1. A stagewise iteration strategy is employed:
the safe set is first expanded over T0 iterations (exploration
stage), after which the algorithm transitions to optimizing
the objective function (maximization stage). In the maxi-
mization stage, the standard GP-UCB acquisition function is
adopted.

D. Convergence Analysis

In this section, the theoretical convergence of the safe ex-
ploration stage in SAFECTRLBO is analyzed. The convergence
criterion is given as follows.

Definition 2: In the safe exploration stage, an ε-reachable
safe region Rε is the safe set St∗ obtained when ∃ε >
0 ∀i,maxa∈Bt∗ 2βt∗σ

(i)
t∗−1(a) ≤ ε.

Algorithm 1: SAFECTRLBO.

Initialize GP with (a0, J̃(a0))
for n = 1, 2, . . . , T0 do
Sn ← {a ∈ A | lin(a) ≥ hi}, i ∈ {1, . . . ,m}
Bn ← {a ∈ Sn | lin(a) = hi}, i ∈ {1, . . . ,m}
an ← argmaxa∈Bn σ1

n−1(a)

Obtain noisy measurement J̃(an)
Update GP with (an, J̃(an))

end for
for n = T0 + 1, . . . do
Sn ← {a ∈ A | lin(a) ≥ hi}, i ∈ {1, . . . ,m}
an ← argmaxa∈Sn u1

n(a)
Obtain noisy measurement J̃(an)
Update GP with (an, J̃(an))

end for

Theorem 1: In the exploration stage of Algorithm 1, suppose
the safety function gi satisfies ||gi||2k ≤ B and is Li-Lipschitz
continuous, the noise at iteration t,nt, isR-sub-Gaussian, the GP
confidence level is 1− δ. βt = R

√
2(γt−1 + 1 + log(1/δ)) +

B [16], [39], where γt is the maximum information gain.
Assume that any ε > 0, let t∗ be the smallest positive integer
satisfying

t∗ ≥ C

(
βt∗
√
d

ε

)d

where C is a constant depending on the problem parameters, d
is the dimension of the domain A, then for all t ≥ t∗, the safe
set St includes all points in the ε-reachable safe regionRε with
probability at least 1− δ.

We count t from the beginning of the safe exploration stage
and let T0 = t∗. After t∗ iterations, the algorithm has fully ex-
plored the ε-reachable safe region with high probability (1− δ),
and can proceed to the maximization stage. The detailed proof
is provided as follows.

Lemma 1: The predictive variance at a pointx after observing
a point xi at distances rj = |xj − xi,j | in each dimension j is
bounded by

σ2
t (x) ≤

d∑
j=1

σ2
f

(
1− exp

(
−r2

j

l2j

))
.

Proof: For an radial basis function (RBF) kernel

k(x, x′) = σ2
f exp

(
−‖x− x′‖2

2l2

)
.

According to (5), when there is an observation at xi, the predic-
tive variance at a new point x is

σ2
t (x) = σ2

f − kt(x)

 (Kt + σ2

nI
)−1

kt(x).

Assuming, zero noise (σ2
n = 0) for simplicity, there is

σ2
t (x) = σ2

f −
k(x, xi)

2

k(xi, xi)
.
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Since k(xi, xi) = σ2
f , this simplifies to

σ2
t (x) = σ2

f

(
1− exp

(
−r2

l2

))
.

Similarly, for the additive Gaussian kernel

kadd(x, x
′) =

d∑
j=1

σ2
f exp

(
− (xj − x′j)

2

2l2j

)
.

Assuming that there is an observation atxi, then the predictive
variance at a new point x is

σ2
t (x) = kadd(x, x)− kadd(x, xi)

2

kadd(xi, xi)

where kadd(x, x) =
∑d

j=1 σ
2
f = dσ2

f , thus

σ2
t (x) = dσ2

f −

(∑d
j=1 σ

2
f exp

(
− (xj−xi,j)

2

2l2
j

))2

dσ2
f

.

The variance can be bounded by considering only the diagonal
terms. Thus

σ2
t (x) ≤

d∑
j=1

σ2
f

(
1− exp

(
− (xj − xi,j)

2

l2j

))

=

d∑
j=1

σ2
f

(
1− exp

(
−r2

j

l2j

))
.

�
Lemma 2: The ε-reachable safe regionRε can be covered by

N hypercubes of side length rj , where

rj =
ljε

2
√
dσfβt

and

N =

d∏
j=1

⌈
Lj

rj

⌉

with Lj being the length of the domain in dimension j.
Proof: According to Definition 2, to include a point x in the

ε-reachable safe region, it suffices that the predictive variance
satisfies

σt−1(x) =

⎛
⎝ d∑

j=1

σ2
t−1,j(xj)

⎞
⎠

1/2

≤ ε

2βt
.

To satisfy this inequality, it suffices that each term satisfies

σt−1,j(xj) ≤ ε

2βt

√
d
.

From Lemma 1, the predictive variance in dimension j after
observing at xi,j is bounded by

σ2
t−1,j(xj) ≤ σ2

f

(
1− exp

(
− (xj − xi,j)

2

l2j

))
.

It thus suffices that

σf

√√√√1− exp

(
− (xj − xi,j)2

l2j

)
≤ ε

2βt

√
d
.

Solving for (xj − xi,j)
2

− (xj − xi,j)
2

l2j
≥ ln

⎛
⎝1−

(
ε

2σfβt

√
d

)2
⎞
⎠ .

As ε is a very small positive real number, ( ε
2σfβt

√
d
)2 is very

small, ln(1− x) ≤ −x can be used, so it suffices that

− (xj − xi,j)
2

l2j
≥ −

(
ε

2σfβt

√
d

)2

.

Thus

rj = |xj − xi,j | ≤ ljε

2σfβt

√
d
.

To cover the domain in dimension j of length Lj , we need

Nj =

⌈
Lj

rj

⌉
.

Therefore, the total number of hypercubes is

N =

d∏
j=1

Nj =

d∏
j=1

⌈
2σfβt

√
dLj

ljε

⌉
.

�
Proof of Theorem 1
Theorem 1 aims to find a lower bound on t∗ for the safe

exploration stage to converge to the ε-reachable safe region Rε

for all t ≥ t∗.
From Lemma 2, the number of observations needed is

t∗ ≥ N =

d∏
j=1

⌈
2σfβt

√
dLj

ljε

⌉
.

Let

C =

d∏
j=1

(
2σfLj

lj

)

C is a constant depending on the size of Rε and kernel param-
eters. Then, there is

t∗ ≥ C

(
βt

√
d

ε

)d

.

As βt is finite, t∗ is finite and depends polynomially on d and
1/ε. �

Moreover, the finite-time convergence of the maximization
stage is guaranteed due to the use of GP-UCB acquisition
function, as proved in [16].
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E. Computational Complexity Analysis

We separate per–iteration computational cost from sample
complexity, as they scale differently with the problem dimen-
sion D and the number of safe evaluations n.

a) Periteration computational cost: Let K ∈ Rn×n be the
covariance matrix built from the observations collected so far.
For any kernel, a single Cholesky factorization ofK costsO(n3)
floating point operations (FLOPs) and O(n2) memory [40]. An
additive kernel kadd(x, x

′) =
∑M

m=1 k
(m)(xSm

, x′Sm
) does not

alter this asymptotic bound.
Constructing K =

∑
m K(m) incurs only a linear overhead

O(M n2
)
, where M=D/k is the number of additive com-

ponents (each acting on k�D variables). In practice, M is
typically ≤ 10, so wall–clock overhead is modest.

The acquisition function decomposes into M independent k-
dimensional subacquisitions. Global optimization is therefore
performed in a low-dimensional space, which can reduce wall-
clock time by one to two orders of magnitude compared with
searching the full D-dimensional domain.

When sparse or structure-exploiting GP solvers (e.g., inducing
points, structured kernel interpolation, and/or Kronecker alge-
bra) are enabled, overall training cost drops to O(M nm2

)
or

O(M n log n
)
, while retaining the additive scalability.

b) Sample complexity (information gain): The main theoreti-
cal advantage of an additive GP lies in its maximum information
gain γT , which governs both regret and the number of safe eval-
uations required. For a kernel whose components each depend
on at most k variables (k�D)

γAdd
T = O(D (log T )k+1

)
versus γSE

T = O((log T )D+1
)
.

[13]
Hence, the iteration needed to reach the same safety and

confidence level grows only linearly with D, rather than ex-
ponentially, making high-dimensional exploration feasible.

IV. EXPERIMENTS

A. Experimental Setup

In this section, SAFECTRLBO is applied to optimize con-
trollers of the biaxial gantry system (see Fig. 1) for contouring
tasks. The desired trajectories are specified as reference signals
(xd and yd), with two parallel carriages x1 and x2 tracking xd

and carriage xy tracking yd.
Two contouring tasks are conducted.
Task 1 (T1): Circle contour{

xd(t) = 0.02 sin(0.25πt)

yd(t) = 0.02 cos(0.25πt)− 0.02.

Task 2 (T2): Cardioid contour⎧⎪⎨
⎪⎩
xd(t) = 0.06 sin3(0.25πt)

yd(t) = 0.065 cos(0.25πt)− 0.025 cos(0.5πt)

− 0.01 cos(0.75πt)− 0.005 cos(πt)− 0.025.

Both trajectories start from position (0, 0), avoiding abrupt
movements during contouring.

TABLE I
RMSE OF EACH CARRIAGE IN THE COMPARATIVE EXPERIMENTS

Three baseline BO methods are compared with SAFEC-
TRLBO: the unconstrained high-dimensional BO method
DUMBO [41], the widely used safe BO method SWARM-
SAFEOPT [15], [26], and SWARMSTAGEOPT, a high-dimensional
extension of STAGEOPT [16]. For brevity, these methods are
referred to as: Method 1 (M1, SAFECTRLBO), Method 2
(M2, SWARMSAFEOPT), Method 3 (M3, SWARMSTAGEOPT), and
Method 4 (M4, DUMBO).

Each method runs for 25 iterations per task, balancing fairness
and practicality. Fewer iterations limit exploration, whereas
more iterations would exceed practical time constraints. Hy-
perparameters (kernel variances and lengthscales) are chosen by
minimizing negative log marginal likelihood, following standard
practices [27], [28]. For stagewise methods (M1 and M3), the
first ten iterations are allocated to safe exploration, and the
next 15 iterations to performance maximization. Although this
restricts complete exploration, it sufficiently compares their safe
expansion efficiency.

The constants in performance function J (2) and safety func-
tion G (3) are set as CJ = 0.03 and CG = −1000, respectively.

B. Experimental Results

Fig. 4 shows contouring performance for cases T1–M1,
T2–M1, T1–M2, T2–M2, T1–M3, and T2–M3. Method M4
(DUMBO) is excluded because it could not safely complete
optimization (discussed further in Fig. 5). The contouring er-
rors are color-coded: bright blue indicates smaller errors and
bright red indicates larger errors. Clearly, M1 achieves the best
performance in both tasks, while M3 slightly outperforms M2.

Fig. 5 depicts how the contouring errors of controllers de-
crease over iterations. For comparison, autotuning methods,
such as CMA-ES, SPSA, SFA, and policy-gradient RL, are
also included. In Tasks T1 and T2, Method M1 reaches a lower
error level after about ten iterations compared to M2 and M3.
All three safe methods (M1–M3) maintain stability and safety
throughout optimization. In contrast, DUMBO fails to complete
all 25 iterations due to unsafe parameter selections (at iterations
12 and 14), causing severe system instability. Examples of
unsafe scenarios are provided in the video of the Supplementary
Material. Thanks to safety constraints (3), parameters optimized
by SAFECTRLBO never became unstable.

To further highlight tracking accuracy, Tables I and II sum-
marize the rms and maximum tracking errors for each carriage.
Fig. 6 shows contouring errors per carriage. In both tasks, con-
trollers optimized by M1 have the lowest RMS and maximum er-
rors, demonstrating the superior performance of SAFECTRLBO.
Fig. 7 displays the controller outputs for each carriage. Notably,
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Fig. 4. Visualization of contouring errors of the three optimal con-
trollers optimized by M1 to M3 on tasks T1 and T2. (a) T1-M1. (b) T2-M1.
(c) T1-M2. (d) T2-M2. (e) T1-M3. (f) T2-M3.

Fig. 5. Comparison of optimization effectiveness via contouring error.
(a) T1. (b) T2.

TABLE II
MAX ERROR OF EACH CARRIAGE IN THE COMPARATIVE EXPERIMENTS

Fig. 6. Contouring error of each carriage. The first row corresponds to
Task 1 and the second row corresponds to Task 2.

Fig. 7. Control signals of each carriage. The first row corresponds to
Task 1 and the second row corresponds to Task 2.

although SAFECTRLBO significantly reduces contouring errors
compared to other methods, its control signals remain at similar
levels, without noticeable increases in control effort or energy
consumption.

V. CONCLUSION

This article proposes SAFECTRLBO, a novel safe BO
method for simultaneously optimizing multiple controllers in a
flexure-joint biaxial gantry system. For the first time, additive
Gaussian kernels are introduced into safe BO, significantly
improving optimization efficiency. In addition, a simplified
acquisition function for safe exploration is presented, reducing
computational overhead. Hardware experiments demonstrate
that SAFECTRLBO rapidly converges to near-optimal controller
parameters while ensuring system safety and stability. Although
validated experimentally only on the gantry system, the method
is theoretically suitable for optimizing controllers in other
similar complex control systems.
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