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Abstract

The paper presents the development of an automated design rationalization method for a robotic component of the
ITER Blanket Remote Handling System (BRHS). The proposed method integrates two key elements: automation of the robot
design evaluation process and Bayesian optimization for efficient design parameter exploration. To demonstrate its
effectiveness, the method was applied to rationalize the shield block gripper (SBG), one of the components of the BRHS,
which requires rationalization of its geometric configuration. In the constrained and complex environment of the vacuum
vessel, the SBG must satisfy multiple design requirements, including reachability, joint load reduction, and component
compactness. The developed method successfully identified a geometric configuration of the SBG that reduces joint torque
loads by 50% compared with the original SBG design, while satisfying all design requirements under the given constraints
with only one-tenth the number of iterations required for an exhaustive grid search.

1. INTRODUCTION

This paper presents an automated design rationalization method for a robotic component of the ITER Blanket
Remote Handling System (BRHS) [1]. The developed method consists of two key elements: the automation of
the robot design evaluation process and the application of Bayesian optimization (BO) for design parameter
exploration. This approach improves design quality while reducing the required time and effort compared to the
conventional manual process.

We first provide an overview of the BRHS and the shield block gripper (SBG), the target of design rationalization
in this study. The BRHS is a robotic system for maintaining ITER blanket modules and mainly consists of an arc-
shaped articulated rail structure and a heavy-duty manipulator, as shown in Fig. 1. The manipulator replaces
blanket modules inside the vacuum vessel (VV) using an interchangeable gripper connected to the wrist part of
the manipulator via a tool changer. The SBG is used for replacing shield block (SB) type blanket modules. While
most SBs can be replaced using standard SBGs, certain narrow areas inside the VV require a specially designed
SBG with an offset structure due to limited reachability, as illustrated in Fig. 2.
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FIG. 1. BRHS configuration and SBG



TAEA-CN-316/2699

| Adding offset structure |

v[No Collision —d

W

S

Collision! _ - / N(! .
(a) Narrow area for the BRHS (b) Adding an offset structure to the SBG
FIG. 2. Example of narrow area for the BRHS and concept of adding offset structure to the SBG

In the development of maintenance robotic components for nuclear fusion devices—such as the geometric design
of SBG with offset structure—there are multiple challenging design constraints to address: ensuring reachability
to the target components within the constrained environment of the VV, reducing the torque loads applied to robot
joints, and ensuring component compactness. One effective strategy to meet such requirements is iterative design
parameter exploration using virtual simulation. However, this process requires repeated tasks such as CAD
modeling, construction of kinematic models, and simulation setup, which are time and effort consuming in the
conventional manual method. As a result, only a limited number of design parameter conditions can be evaluated
within a realistic timeframe, which may compromise design quality.

Therefore, to achieve both the reduction of design effort and the improvement of design quality under such
challenging design constraints, the developed method integrates automation of the robot design evaluation process
with BO for design parameter exploration. Regarding the automation of the robot design evaluation process, the
developed method automates iterative updates of the 3D model and kinematic model of robotic components using
Python scripts, and reachability analysis by utilizing Robot Operating System (ROS) [2] and Movelt [3], which
are widely used frameworks in the robotics field. For design parameter exploration, we regarded the design
optimization problem in this study as a black-box optimization problem and applied BO, which is one of the
effective approaches for solving such problems. With the developed method utilizing BO, a rationalized SBG
design can be obtained—achieving required reachability, compactness, and joint load reduction—using
approximately one-tenth the number of iterations compared to exhaustive grid search.

This paper is structured as follows: Section 2 presents details of the developed method, Section 3 shows
demonstration of the developed method with the SBG case, and Section 4 concludes the paper.

2. DEVELOPED METHOD

This section describes the overview and individual implementation details of the developed method. The
developed method serves as a tool for the basic design phase. The basic design phase, the process defining the
overall geometry of the component based on the conceptual design, lies between the conceptualization and
detailed design phases. As illustrated in Fig. 3, this process involves iteratively determining design parameters of
the robot component geometry, performing 3D modeling, evaluating the robot’s reachability, and modifying
design parameters if reachability is not satisfied or further improvement is needed. As described in Section 1,
these tasks have conventionally been performed manually, and increasing the number of design iterations to
improve design quality requires time and effort. To address this, the proposed method automates the entire process,
including model updates, reachability analysis, and design parameter iteration, thereby significantly reducing the
human effort required for iterative design and enabling evaluation across a large number of design conditions.
Furthermore, by integrating BO, the method enables efficient exploration of the design parameter space, achieving
faster convergence to rationalized design than simple exhaustive evaluations.

In the following explanation, we present how the automation process and BO are implemented, using the actual
design parameters of the robotic component that is rationalized in Section 3.
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FIG. 3. Positioning of the developed method in the design workflow.
2.1.  Definition of design parameters and objective function in this study

To facilitate the explanation in the following sections, we first define the design parameters and the objective
function evaluated in this study.

The design parameter x = (X, Y, Z, ), representing the offset structure of the SBG, is illustrated in Fig. 4 (a). Here,
X, Y, Z are the translational distances from the center of the SB (indicated as an orange dot in the figure) to the
mounting position of the tool changer, and 6 is the mounting angle. These parameters define the offset structure
between the tool changer and the main SBG structure which includes drive units. Given the constraints of
transportation through the VV, it is desirable to maintain the compactness of the SBG, and thus the offset structure
should be reasonably minimized. Furthermore, if a feasible path exists for a given offset structure, lower joint
torque is desirable to ensure sufficient margins against the allowable torque limits of the robot joints and to
facilitate correction of positioning errors caused by joint deflection.

Based on these considerations, the objective function f(x), shown in (1), is defined to quantitatively evaluate the
suitability of a design parameter x. The function consists of two terms as follows.

— S (x), which evaluates the compactness of the SBG with the offset structure, is defined as the normalized
Euclidean norm of the translational distance parameters (X, Y, Z) with respect to the maximum value in the
design space.

— L (x), which represents the joint torque load, is calculated as a weighted sum of the maximum torque values
observed at each joint during the planned path. In this study, the joints evaluated are the three axes of the
wrist: Main Roll, Pitch Roll, and Tool Roll shown in Fig. 4 (b). The weights are defined as the inverse of the
allowable torque for each axis, which are as follows: Main Roll: 50 kNm, Pitch Roll: 45 kNm, and Tool Roll:
7.5 kNm. Since an analytical formulation of L (x) with respect to the design parameter x is difficult to derive,
simulation-based evaluation is required to calculate L (x). As a result, the function L (x) and f (x) become
black-box functions. For this reason, BO was adopted to explore the design parameter space (as detailed in

Section 2.3).
The optimized parameter x,, that minimizes f'(x) can be regarded as a rationalized design parameter as shown in

Q).

If path planning fails for a given design parameter x, the objective function f'(x) returns a value of 4. This return
value corresponds to the worst design parameter case with excessive size and joint torque. Instead of applying an
excessively large penalty (e.g., 10 or 100), the fixed return value of 4 is used for the following reason. The random
sampling-based path planning algorithm used in the developed method cannot prove the nonexistence of a feasible
path; in other words, a feasible path may still exist even when path planning fails. In particular, the boundary
between feasible and infeasible regions where promising design parameters close to the Pareto front may exist,
often results in path planning failures despite the actual feasibility of the design parameter x. Assigning overly
large penalties to such regions would cause the optimization algorithm to strongly avoid exploration around them,
thereby leading to a degradation of optimization performance. Therefore, the fixed value equivalent to the worst
case is adopted to provide a balanced treatment of failed cases and to preserve the robustness of the optimization
process.
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FIG. 4. Design parameters and target joints evaluated in the objective function

_ (S()+L(x) if path exists
f@) { 4 if path planning failed M
Xop—=arg min(f (x) ) Q)
Where:
S : Term considering SBG size
S =s /max(s)
s=vVX+Y+ 72
L : Term considering required joint torque
L= Z w; T;
X : Translational offset X [mm]
Y : Translational offset Y [mm]
V4 : Translational offset Z [mm]
6 : Angular offset [deg.]
i : Index of target joints
T : The maximum torque of joint i in planned path
Wi : Weight factor of joint i

2.2.  Automation of robot re-configurations

Automated re-configuration of the robot based on the specified design parameters is one of the most vital parts of
the developed method. To enable evaluation of the four-dimensional parameter x = (X, Y, Z, 8) without requiring
manual CAD operations, a Python script was developed to automatically update the 3D model of the SBG with
the offset structure according to the given parameter values. The updated geometry is then reflected in the
kinematic model used for reachability assessment. This evaluation is performed using ROS and Movelt, which
are widely used frameworks in the robotics field. In this study, Rapidly-exploring Random Tree star (RRT*) [4]
was applied as path planning method. Sampling-based planning methods such as RRT* are effective in generating
feasible paths for robots operating in environments with obstacles. Since collision avoidance with other in-vessel
equipment is critical for the manipulator, these methods are considered appropriate for its path planning. The
entire evaluation process—comprising geometry update and reachability assessment—can be used as a black-box
function that maps an input parameter x to an objective value f'(x) as shown in Fig. 5.
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FIG. 5. Automated process implemented using Python, ROS, and Movelt, serving as a black-box function

2.3. Bayesian Optimization for parameter exploration
This section explains the background of selecting BO and its behavior in the parameter exploration.

As discussed in Sections 2.1 and 2.2, since the objective function f'(x) is a black-box function, minimizing this
function can be regarded as a black-box optimization problem. BO was selected to address the problem because
of its effectiveness in balancing exploration and exploitation. This study aims not only to obtain the optimized
parameters, but also to estimate the distribution of the objective function around promising region within a realistic
timeframe. This is because understanding the distribution of the objective function around the optimized
parameters enables the identification of multiple alternative design candidates, which can be used as backups in
case design revisions become necessary during the detailed design phase. BO aligns well with this goal, as its
exploration reduces uncertainty over a broad parameter space while its exploitation increases sampling density
near the optimized parameters.

In BO, parameter exploration is conducted while estimating the distribution of the objective function based on
observed results. The exploration progresses by determining the next sampling point from the estimated
distribution. In this study, we applied the Tree-structured Parzen Estimator (TPE) sampler [5] as the surrogate
model due to its scalability and computational efficiency. The following section briefly introduces the sampling
strategy. If observations Dn={(x1, f(xl)),(xz, f(xz)),...,(xn, f(xn))} are obtained, the posterior distribution
P(fix)x, D,) is formulated as (3).

P(x| f(x), D)P(f )| D,)
P(f@k. D) ZEDN 3)

In the TPE sampler, P(f{x)|x) is estimated by partitioning f (x) values as (4) by the threshold y". Here, /(x) and
g(x) represent the sum of parameter distributions estimated for each dimension using kernel density estimation
based on observations D,. The threshold y* is determined such that it satisfies the relationship defined by the
hyperparameter y, as shown in (5). In this study, the hyperparameter y is defined as shown (6). This definition is
intended to use the top 10% of samples when the total number of samples is small, or the top 25 samples when
the sample size is large, for partitioning into /(x) and g(x).

NEORIORY
PR {g(x) it/ (0 2)" @
y=P(@ <) (5)
y=min(0.1, 25/n) (6)

To select the next sampling point, Expected Improvement El(x) is defined as (7). In parameter exploration, the
next sampling candidate x,.; is the point where E/(x) is maximized.

EI(x0)= f max(" £ (6).0) P(/ (O x) dy %)

While the detailed derivation is omitted,_ substituting the expression of P(f{x)|x) defined in (4) into (7) allows us
to obtain the relationship for El(x) as (8).
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I(x)
Within the defined parameter space, candidate points are globally sampled according to the distribution /(x), then
g(x)/l(x) is evaluated for each. The point where g(x)//(x) is minimized is selected as the next sampling point x4
as (9).

-1
ElGo <y+g(_x) (1-y>) ®)

. (8&)
Xy = argmin (m) ©)
In this study, Optuna [6], an open source hyperparameter optimization framework, was used to conduct the
exploration using the TPE sampler.

3. DEMONSTRATION

We performed numerical experiments to demonstrate applicability of the developed method for the BRHS
component design rationalization. This section describes the experimental conditions and results.

3.1. Target SB and SBG

As the target SB to which the rationalized SBG design is applied, SBISNE was selected. SB15NE is located in a
constrained area where the articulated rail and its supporting structure obstruct the manipulator. When a standard
SBG is used, as shown in Fig. 6(a), the manipulator cannot reach the target SB because of collisions between the
wrist part and the surrounding environment. To address this, an SBG design with the offset structure as shown in
Fig. 6(b) had originally been considered. However, with this offset structure, the moment arms between the center
of mass of the target SB and the wrist joints of the manipulator become significantly longer, resulting in excessive
joint loads. Therefore, there was a clear need to rationalize the geometry of the SBG to balance reachability, joint
load reduction, and component compactness.

A
(a) Spatial constraints to SBISNE (b) Original design
FIG. 6. Target SB location and original design of the corresponding SBG

3.2. Four-parameter exploration and comparison to exhaustive grid-search

To rationalize the SBG design for the SB15NE case, both a grid search and BO for the objective function defined
in Section 2.1 were conducted using the framework described in Section 2.2. The design parameter exploration
range is defined as (10). In the grid search, translational parameters were varied at 100 mm intervals and the
angular parameter at 10-degree intervals, resulting in a total of 1008 iterations. This exhaustive search required
about 48 hours of computation. In the exploration by BO, we did not impose discretization constraints as the grid
search. The exploration by BO was conducted with up to 100 iterations and completed in about 5 hours.

0<X<500
0<Y<500

400 < Z<700 (10)
20<6<80
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Sampled points evaluated during BO were projected onto the (X, Y) and (Z, ) planes as shown in Fig. 7. Color
intensity indicates the objective function value at each point, with darker blue representing better values. The
sample corresponding to the optimized design is highlighted with a red border. The optimized design parameter
was x = (189, 265, 455, 25) and the optimized objective function value was 1.04. The clustering of samples around

the optimized one, while also covering other regions, demonstrates the expected behavior of the BO algorithm in
balancing exploration and exploitation, as discussed in Section 2.3.
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FIG. 7. Samples projected to 2D planes explored by BO

The wrist joint torque histories corresponding to each design during the target SB replacement are shown in Fig.
8. Table 1 shows design parameters, the maximum torque for each wrist joint, and the objective function values.
Compared to the original design shown in Fig. 8(a), which is subjected to high joint torques, both the design by
grid search (Fig. 8(b)) and the design by BO (Fig. 8(c)) significantly reduced the maximum torque—by more
than 50% for the pitch and tool roll joints. This improvement is attributed to the rational repositioning of the tool
changer by the optimized offset structure, which shortened the distance between the target SB’s center of mass
and the robot’s joint. Moreover, the solution obtained through BO achieved a lower objective value than that of
the grid search. While this is a natural outcome from exploring a continuous design space without discretization
constraints, it is worth noting that achieving similar performance via grid search would require finer discretization,
resulting in a substantial increase in the number of evaluations. Therefore, from the perspective of parameter

exploration efficiency, the use of BO is demonstrated as an effective strategy for rationalizing the SBG design
addressed in this study.

Main roll s Pjtch roll Tool roll

50 50 50
_40 _40 _40
£ [ £
z b4 2
X, = X
o 30 ¢30 o 30
> =} -
g g g
(=} (=} (<]
I = =
20 \/\/ '-20 =20
£ 5 3
- r) b |

10 10 10

) AVAYYA i N

0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
Step [-] Step [-] Step [-]

(a) Original design
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TABLE 1. COMPARISON OF DESIGN PARAMETERS

Design type Design parameters Max. Torque
[mm, deg.] [kNm] fix)
X Y Z 0 Main _ Pitch  Tool
Original design 600 0 482 0 171 233 6.3 2.48
Optimized design by grid search 0 500 400 50 11.1 9.7 0.6 1.16
Optimized design by BO 189 265 455 25 5.5 7.1 1.6 1.04
4. CONCLUSION

In this study, to achieve both the reduction of design effort and the improvement of design quality under
challenging design constraints, the developed method integrates automation of the robot design evaluation process
with BO for design parameter exploration. We successfully obtained the rationalized SBG design with
approximately one-tenth the number of iterations compared to exhaustive grid search.

The proposed method is not limited to fusion maintenance robots such as the BRHS but can also be applied to
robots operating in challenging environments, including decommissioning and rescue missions. In these
applications, similar to the BRHS, the design must adapt to multiple constraints such as operation in confined
spaces and limitations in actuator capacity. The proposed method could contribute to the efficient identification
of feasible design.
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