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One of the main objectives of the fifth industrial revolution is the design and implementation of human-
centric production environments. The human is, indeed, placed in the center of the production environment,
having a supervision/leading role instead of carrying out heavy/repetitive tasks. To enhance such an industrial
paradigm change, industrial operators have to be provided with the tools they need to naturally and easily
transfer their knowledge to robotic systems. Such expertise, in fact, is difficult to be coded, especially for non-
expert programmers. In addition, due to the reduced specialized manpower, the capability to transfer such
knowledge into robotic systems is becoming increasingly critical and demanding. In response to this need,
this contribution aims to propose and validate a human-centric approach to transfer the human’s knowledge
of a task into the robot controller making use of qualitative feedback only (to this end, preference-based
optimization is employed). In addition, the modeled human’s knowledge is exploited by an optimization
algorithm (i.e., nonlinear programming) to maximize the task performance while managing the task constraints.
The proposed approach has been implemented and validated for a robotic sealant material deposition task. On
the basis of the qualitative feedback provided by the operator, the knowledge related to the deposition task
has been transferred to the robotic system and optimized to deal with the hardware and task constraints. The
achieved results show the generalization of the approach, making it possible to optimize the deposition task
output.

1. Introduction in the center of the production environment, playing a leading role
instead of carrying out manual (heavy/repetitive) tasks. In fact, the
human should be involved in high-added-value operations (i.e., all the

operations in which the expertise of the human can be exploited to

1.1. Context

Robotics is increasingly devoted to assisting humans in many differ-
ent fields (such as rehabilitation, rescue, medical applications, etc.) [1-
3]. A robotic system, therefore, has to enable and facilitate the task that
the human has to execute, exploiting intelligent tools to capture the hu-
man’s needs, requirements, instructions, feedback, and satisfaction [4].
One of the most important application areas is represented by industrial
workplaces [5]. Industry 4.0 [6] is evolving to Industry 5.0 [7] by
improving the working conditions of the industrial operators alongside
making use of human knowledge, adaptability, and intelligence. One
of the main objectives of this new industrial revolution is to move
the attention from connected cyber—physical systems to operators, de-
signing human-centric production environments exploiting human’s
knowledge to improve the industrial processes [8]. The human is placed
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improve the production process), instead of performing easily automat-
able tasks [9]. Thus, to fully exploit the expertise of the operators, tools
to naturally and easily transfer such knowledge to robotic systems are
required.

The main contribution of this paper is, therefore, to propose and
validate a human-centric approach to transfer the human’s knowledge
of a task into the robotic system, making use of qualitative feedback
only. In such a way, non-expert programmers will be allowed to transfer
their knowledge to robotic systems for the tuning of a target task.

In the following, the state of the art in the considered research
area (i.e., transferring the human’s knowledge to the robotic system) is
investigated, with a particular focus on preference-based optimization
algorithms and their application to the robotic field.
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1.2. Related work

Robotics provides a set of tools to improve the working conditions
of the operator [10], to physically assist him/her with collaborative
robots [11] or exoskeletons [12], to implement Al-based solutions to
train/guide the operator through a task [13], to ensure safety in the
workplace [14], etc., with the main aim to design a human-centric
workplace, where human intelligence can be exploited to enhance
production, as aimed at by the Industry5.0 paradigm. However, current
state-of-the-art approaches are still insufficiently capable of capturing
the operator’s task knowledge and transferring it to the robotic system.
While the research community is working in the direction of program-
ming by demonstration [15], knowledge extraction from quantitative
data [16], graphical robot programming [17], or quantitative optimiza-
tion approaches [18], these approaches still show many limitations in
embedding the full human knowledge of a task (i.e., the expertise of
the human w.r.t. the behavior of the process, useful to perform tuning
and/or adaptation of the process parameters to maximize the process
output quality) into the robotic system. The knowledge transfer process
is still complex (in terms of approaches, procedures, and required oper-
ator skills — such as programming), creating a barrier to its application
in real working environments. In addition, generalization capabilities
(i.e., recalling the ability of the human to adapt his/her behavior to —
partially — new situations) are not commonly well-addressed in order
to transfer the knowledge of a learned task to a (partially) new one,
limiting the intelligence of the robotic system.

Preference-based optimization [19,20] has been investigated in or-
der to provide a solution to the above-mentioned issues. This approach
makes use of qualitative human feedback for the optimization of a
process, providing a powerful tool for such applications in which it
is difficult to define and/or evaluate a quantitative performance index
to design/compute an objective function. It is, in fact, usually simpler
to express a preference such as “this is better than that” between
two experiments. In this way, the preferences provided by the human
allow for modeling its knowledge of a task/process. Indeed, researchers
have put their attention on optimization methods to minimize black-
box functions using preferences, such as employing Particle Swarm
Optimization (PSO, [21,22]). Such an optimization drives the evolution
of particles only based on the outcome of comparisons between the
function values. Preference-based optimization has been also used in
combination with Reinforcement Learning (RL) [23]. "Active prefer-
ence learning" has been also investigated, in which the user iteratively
expresses a preference. To this end, [24] presents a review of different
active learning algorithms, such as the one developed in [25]. An im-
portant concept of PBO is represented by RBF functions, that have been
studied in [26,27]. Despite preferences can be a powerful approach
to optimize a robotic task [28], the preference-based optimization
(PBO) technique has been employed only in a few robotic use cases.
User’s preferences have been combined with demonstrations to reduce
the required number of queries [29], where a robotic manipulator
is trained to reach a goal configuration while avoiding an obstacle.
Calibration of model predictive control parameters based on user’s
preferences is discussed in [30]. In [31], a Bayesian deep learning
method is proposed to optimize the parameters for a navigation task
using humans’ preference evaluations. In [32], PBO has been used to
optimize a robotic sealant material deposition task. While the PBO has
been successfully employed in the above-mentioned applications, its
usage is still limited to highly specific and restricted situations. Based
on its potential, the PBO can be employed to model the knowledge of
the operator of a complex process, to be exploited for a generic task
optimization, providing the robotic system with human-like flexibil-
ity/adaptability skills. The comparison of the proposed approach w.r.t.
the state-of-the-art approaches exploiting active preference learning is
shown in Table 1 for the considered features added by the proposed
human-centric optimization framework.
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1.3. Paper contribution

The main aim of this paper is to exploit the PBO in order to embed
the human’s knowledge of a task (i.e., the expertise of the operator in
manual task tuning/execution to maximize the process output quality)
into a robotic system to optimize the execution of an industrial applica-
tion. In particular, the expertise of the human operator is transferred to
the robot by making use of qualitative feedback only. Such intelligence
is then employed by an optimization algorithm (i.e., nonlinear program-
ming — NLP) to deal with task/hardware constraints, maximizing the
task performance. In such a way, a human-centric task optimization ap-
proach can be implemented. The proposed approach has been applied
to a robotic sealant material deposition task for its validation. In this
specific application, the process output quality has to be maximized
w.r.t. the following criteria: homogeneity of the deposition, absence of
vibrations/instabilities, and target thickness of the deposited material
achieved. While in [32] an advanced complex path-based velocity
planner (only considering 4 types of geometrical features: straight lines,
large curves, small curves, and very small curves) was used to manage
the deposition task, a simple PID controller has been employed in this
paper to operate the robot. Instead, the optimal reference deposition
velocity has been tuned making use of the PBO, and varying the
radius of the deposition path. In such a way, a model mapping the
preference of the operator (i.e., modeling the operator’s knowledge of
the deposition task) w.r.t. the deposition velocity and the path radius
has been constructed. In addition, a model mapping the acceptability
of the quality of the output of the deposition task w.r.t the deposition
velocity and the path radius has been also constructed. These models
have been employed in the NLP algorithm, together with the hardware
constraints (i.e., maximum acceleration limit), to optimize the reference
velocity to execute the robotic deposition task. A Franka EMIKA panda
robot has been used as a validation platform. The robot has been
equipped with a MAKITA sealing gun operated by making use of a
servomotor controlled with ARDUINO. The proposed approach has
been able to optimize the considered deposition task output making
use of the operator’s knowledge, dealing with changing task conditions
(i.e., with different general-features paths), and showing generalization
capabilities.

The main differences w.r.t. [32] can be summarized as:

» the complex velocity planner based on four geometrical features
only proposed in [32] have been replaced with a general human-
centric modeling providing for each radius of the deposition path
the optimal deposition velocity and the acceptable deposition
velocities range. In such a way, generalization capabilities are
implemented, while reducing the complexity of the optimization
procedure;

a second optimization step has been introduced in order to glob-
ally optimize the deposition task, satisfying the hardware con-
straints (such as the acceleration constraint) and the ones pro-
vided by the operator (i.e., on the acceptable deposition quality).
W.r.t. [32], in which the computation of the deposition velocity
is made only considering the forward portion of the path, in the
proposed approach the optimization is made globally, taking into
consideration the whole path.

The main novelties of this paper, indeed, are:

+ to propose a human-centric knowledge transfer approach to pro-
vide a robotic system with the expertise of the operator (ie.,
modeling such a human’s knowledge);

to exploit such modeled knowledge to optimize a process, pro-
viding generalization capabilities (i.e., to deal with different tasks
conditions);

to test and evaluate the performance of the proposed human-
centric knowledge transfer approach in a real complex robotic
task (ie., taking as a reference application a robotic sealant
material deposition task).
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Table 1
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Proposed approach comparison with the other state of the art solutions analyzed in Section 1.2.

Reference Human’s knowledge transferred to robot Global task optimization with task constraints Task generalizability Global task acceptability
[25] X X X X

[26] X X X X

[27] X X X

[28] X X X

[29] X X X

[30] X X X

[31] X X X X

[32] X X

Proposed approach

—

Hardware Constraints

Process Constraints

|

Modelled Model-Based
Human’s Process ——
Knowledge Reference

Target Task

Human'’s
Supervision

Process

Process Controller State
@- ] Process
\ Output

o

Fig. 1. Human’s knowledge modeling employed in the process control: the modeled human’s knowledge (obtained by the provided human’s feedback) and the process constraints
(ie., both provided by the human and related to the process itself) are used to generate the reference for the process controller for the optimization of the target task to be

executed.
1.4. Paper layout

The rest of the paper is structured as follows: Section 2 details the
proposed methodology, Section 3 describes the considered use case (i.e.,
the robotic sealant material deposition task), Section 4 discusses the
achieved results, and Section 5 states the conclusions of the paper.

2. Methodology

The main objective of this paper is to define a human-centric
methodology allowing to embed into a robotic system the knowledge
of an expert operator to maximize the target task quality. Fig. 1 shows
the proposed approach, which is composed of five main components:
Human’s Supervision, Modeled Human’s Knowledge, Process Constraints,
Model-Based Process Reference, and Process Control. The first four com-
ponents are defining the human-centric knowledge transfer approach
proposed in this paper allowing to compute the process reference
behavior to be performed, while the last one is related to the em-
ployed specific process control algorithm (i.e., the robot controller) that
exploits the mentioned computed process reference. More in detail,
the Human’s Supervision block is related to the qualitative feedback
provided by the human on the process output quality, the Modeled
Human’s Knowledge block allows to model the expert human’s task
knowledge, the Process Constraints block allows to define the process
and hardware constraints, and the Model-Based Process Reference block
allows to optimize the process reference based on the output of the
previous blocks and on the target task to be executed Target Task. In
particular, considering the Process Constraints block, it is possible to
embed in such modeling some useful knowledge of the human operator,
e.g., related to the process quality. In this paper, the process accept-
ability information are embedded in this block in order to provide
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additional constraints on the quality of the target process, guaranteeing
that the process output quality satisfies a target standard.

In the following, each block composing the proposed approach is
individually described in order to provide all the details related to the
diagram in Fig. 1.

2.1. Preference-based optimization

The preference-based optimization is employed in the proposed
approach in Fig. 1 in the Modeled Human’s Knowledge block. In fact, by
making use of such a technique it is possible to embed the knowledge
and skills of the expert operator into the robotic system by only means
of qualitative human’s feedback (highlighted by the Human’s Super-
vision block). Such modeling allows computing the optimal process
reference for the target task.

The preference-based optimization algorithm employed in this pa-
per is based on the methodology developed in [27] by some of the
authors, where the GLISp algorithm is introduced.

2.1.1. Building a surrogate function from preferences

The first step of the GLISp algorithm is to build a surrogate function
describing the observed preferences.

Formally, given two possible sets of parameters 6, and 0,, the
preference function = : R" x R" — {—1,0,1} is defined as:

-1 if 6; “better” than 6,
7(0,,0,) =40  if 6, “as good as” 0,
1 if 6, “better” than 0.

(€8]

Assuming that N > 2 samples {0, ... Oy} of the decision vector

are generated, with 6,,0; € R"™ such that 6, # 0;, Vi # j, with

i,j=1,..., N.For each of these parameters, an experiment is performed
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and the user provides a preference vector B = [b; ... by 1T € {-1,0,1}M
with:

@

where M is the number of expressed preferences, h € {1,...,M},
i(h),j(h) € {1,...,N}, and i(h) # j(h). It has to be noted that the
element b, of the vector the B represents the preference expressed
by the user between the experimental performance achieved with the
parameters 0;,, and 6.

The observed preferences are then used to learn a surrogate function
J : R" — R of an (unknown) underlying performance index J. The
surrogate J is parametrized as the following linear combination of
Radial Basis Functions (RBFs):

by, = 7(Biny> 0jny)

N
7©0)= Y d(rd(6,6))), ©)

k=1
where d : R xR"™ — R is the squared Euclidean distance:

d6,6,) =116 -6,lI3, @

y > 0 is a scalar parameter, ¢ : R — R is an RBF, and g =
[f; ... By]1T are the unknown coefficients to be computed based on
the available user’s preferences. Examples of RBFs are ¢(yd) = m
(inverse quadratic) and ¢(yd) = e~¢)* (Gaussian) (see [27] for more
details).

According to the preference relation (1), the surrogate J has to
satisfy the following constraints:

FOin) < J O — 0+, if 7B, 050 = —1

J i) 2 T Oj) + 0 — e if 700, 0j) = 1 (5)
|J(9,-(h)) - J(Gj(h))l <oc+eg, if ﬂ(Gi(h),Gj(h)) =0
for all » = 1,..., M, where ¢ > 0 is a given tolerance and ¢, is a

positive slack variable that is used to relax the preference constraints.
Constraints infeasibility might be due to an inappropriate selection of
the RBF (namely, poor flexibility in the parametric description of the
surrogate J) and/or inconsistent assessments done by the user.

Based on the above preference constraints, the coefficient vector
B describing the surrogate J is obtained by solving the Quadratic
Programming (QP) problem:

M N

ming Z ep+ % Z ﬁf
=1 k=1
N
s.t. (d(rd (1, 01)) — d(rd(0;sy, 01))) B
k=1
<-0c+eg, Vh: b, =-1
N
(@ d(0;, 0,)) — P(rd(0; 1. 0,))Bs ©)
k=1
>0 —¢€p, Vh: b, =1
N
(@(rd(6;(y, 0,)) — P(rd(O(), 01))) Bk
k=1
<o+tegy, Vh: b, =0
h=1,...,M.

The scalar 4 > 0 in the cost function (6) is a regularization param-
eter that guarantees uniqueness in the solution of the QP problem.

2.1.2. Acquisition function

Once a surrogate J is estimated, this function can be minimized in
order to find the optimal parameter vector 6.

More in detail, the following steps can be followed:

(i) generate a new sample by pure minimization of the estimated
surrogate function J, ie.,

Ony1 =argmin J(6) s.t. 6 € O;

(ii) ask the user to express a preference z(6y +1,(9;‘\]), where 0;, €
R" is the vector of parameters with the best experimental output
(judged by the user) found so far;
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(iii) update the estimate of J through (6);

(iv) iterate over N.

Such a procedure, which only exploits the current available observa-
tions in finding the optimal parameter vector 0, may easily miss a more
performing set of parameters. Indeed, a term promoting the exploration
of the parameter space should be considered.

In the GLISp algorithm, an acquisition function is employed to
balance exploitation vs. exploration when generating the new sample
0y ,1- The exploration function is defined by using the inverse distance
weighting (IDW) function z : R" — R defined as:

0 ifoe{6,...
z(0) = . 1 .
tan (m> otherwise,

0N}
)

—L___ Clearly, z(6) = 0 for all parameters already

where w;(0) = 700

tested, and z(0) > 0 in R"\ {6, ..., 0y }. The arc tangent function in (7)

avoids that z(0) gets excessively large far away from all sampled points.
Then, given an exploration parameter § > 0, the acquisition function

a : R" — R is constructed as:
J(0)

a(0) = — —5z(0), (8)
AJ

where

AJ = max{J(0,)} — min{J(6,)}

is the range of the surrogate function on the samples in {0,,...,0y}

and used in (8) as a normalization factor to simplify the choice of the
exploration parameter §.

Given a set {0,,...,0y} of samples and a vector B of preferences
defined in (2), the next parameter set 6, to be tested is computed as
the solution of the (non-convex) optimization problem:

O1 = argmin a(o). ©
2.1.3. Pseudocode

The pseudocode of the employed preference-based optimization is
detailed in Algorithm 1. The schematic representation of the Modeled
Human’s Knowledge block is shown in Fig. 2.

Algorithm 1 PBO’s pseudocode

0 —[0,,0,,.,0y]
b, < [[6},0,].10,,6,],...10,, 6,]]
b,, < [[6,.65].....[0..6,]]
my_pbo < PBO(0,b,,,b,,)
my_pbo.update()
for i —iterations do
0y, <my_pbo.run_optimization()
if O, as good as than 6,,, then
eval < 0
else
if 0, better than 6,,,, then
eval « —1
else
eval « 1
end if
end if
my_pbo.add_evaluation(@y, , eval)
my_pbo.update()
end for

The pseudo-code represented in Algorithm 1 summarizes the
preference-based optimization approach, and the involved quantities
are described below:

+ O: contains the points already tested;
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Process
: Tuning
Parameters
PBO
Qualitative
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Process

@‘ L __ Process
\ Output
.

Human’s

Supervision
[

Modelled Human’s Knowledge

Fig. 2. The schematic representation of the Modeled Human’s Knowledge block is shown. The human’s knowledge is gathered making use of the PBO, iteratively executing
experimental tests for the optimization of the process tuning parameters for the considered process variables (i.e., operative conditions), and exploiting the qualitative feedback

provided by the user on the process output quality.

* b,,: pairwise comparisons [, 6,1, where 0, is “better” than 6,
(asin (1), 7(6,,0,) = —1);
b,, pairwise comparisons [0, 0,], where 0, is “as good as” 0, (as
in (1), 7(0,6,) = 0).

2.2. Task acceptability

In the construction of the acquisition function a(0) discussed above,
the user’s satisfaction criteria (i.e., the task acceptability) for the target
task was not considered. However, the satisfaction of the user on the
executed task can be useful information to be exploited in the choice of
the next parameter @, thus penalizing configurations of the velocity
planner which are expected to provide unsatisfactory performance.

In order to include this information, an independent binary-
classification Gaussian Process is trained based on the user’s satis-
faction of previous experiments. Such a Gaussian Process maps the
parameter vector 6 into the probability of achieving satisfactory quality
performance. If this probability is below a given threshold (50% in
the considered application) a penalty function is then added to the
acquisition function a(6).

The acceptability modeling is then employed in the proposed ap-
proach in Fig. 1 in the Process Constraints block. Together with the
hardware constraints, such modeling provides additional information
to the Model-based Process Reference block (i.e., the NLP in this paper)
to perform the optimization of the task reference satisfying the provided
constraints. The acceptability modeling, indeed, allows guaranteeing an
acceptable process output in the case that the optimal one cannot be
guaranteed due to the other process/hardware constraints.

2.3. Nonlinear programming

The Model-based Process Reference block in Fig. 1 makes it possible
to compute a globally optimized process reference satisfying the con-
straints provided by the Process Constraints block (which are defined
based on the human’s knowledge and hardware constraints) for the
execution of the target task. NLP is employed in this paper to imple-
ment such a component in the proposed methodology. As in [33], a

72

smooth constrained optimization problem can be defined to minimize
an objective function f(x) under nonlinear inequality constraints

min Y f(x)
g% <0

(10)
s.t.

where x is an n-dimensional vector defining the optimization variables.
g(x) defines m inequality constraints g;(x). The defined optimization
problem is indeed embedded into the Model-based Process Reference
block for the optimization of the task, making use of the task constraints
g(x) (both related to human’s task knowledge and the task itself).

3. Use case: robotic sealant material deposition task
3.1. Task description

In order to evaluate the performance of the proposed human-centric
process tuning approach, a robotic sealant material deposition task
is considered as a use case. The tuning of such a task, in fact, can
benefit from the human’s task knowledge/judgment to maximize the
deposition performance, instead to make use of external measurement
systems (such as laser scanners, being costly and requiring additional
integration and software for data processing) and quantitative perfor-
mance indexes (difficult to be defined to catch the different process
behaviors) for the definition of an objective function. Indeed, human’s
qualitative feedback can be intuitively provided to the Modeled Human’s
Knowledge block (i.e., to the employed PBO), allowing to transfer the
human’s task knowledge to the robotic system.

The main objective of the task is, therefore, to perform a high-
quality material deposition along any generic path. The performance
of the robotic deposition are evaluated by the operator in terms of
homogeneity, absence of vibrations, and quantity of deposited material.

The deposition task velocity (ie., the velocity of the robot end-
effector) has been considered as the optimization variable of the PBO
to maximize the deposition quality. Indeed, the deposition task velocity
affects the deposition quality: it has to be tuned to guarantee the correct
quantity of deposited material. In fact, if the robot is too slow, too
much material will be deposited, while if the robot is too fast, too



L. Roveda et al.

Fig. 3. Experimental setup for the evaluation of the proposed human-centric process
tuning approach. A robotic sealant material deposition task has been performed to
validate the proposed methodology. A Franka EMIKA panda robot is equipped with a
MAKITA sealing gun, operated by a servomotor (controlled with Arduino).

little material will be deposited. The deposition task velocity has to
be optimized for different path radii in order to model the deposition
process behavior. Making use of the general model (i.e., mapping the
optimal velocity w.r.t. the path radius) it will be possible to optimize
the deposition task velocity along any general deposition path.

Considering the target robotic deposition task, the proposed human-
centric process tuning approach allows to compute the reference depo-
sition velocity to maximize the quality of the deposition task. Such a
reference velocity is given as input to the robot motion controller for
the execution of the deposition task. The robot controller, indeed, has to
be capable to follow such a reference velocity to guarantee the correct
task execution.

Remark 1. It has to be underlined that the material flow cannot be
regulated with the employed deposition gun (i.e., the material flow is
fixed). In addition, it has to be considered that even if the material
flow can be tuned, its effect will be the same as for the tuning of the
deposition task velocity. Therefore, the optimization problem can be
simplified by only considering one optimization variable.

3.2. Materials

Fig. 3 shows the reference robotic sealant material deposition task.
The experimental setup consists of a Franka EMIKA panda robot,
equipped with a MAKITA sealing gun, operated by making use of
a servomotor controlled with Arduino. The robot is controlled by
exploiting its torque control (control frequency: 1000 Hz). A PID tra-
jectory controller has been implemented and tuned on the basis of the
work in [34]. Such a low-level controller makes use of the reference
deposition velocity provided by the proposed human-centric process
tuning approach to perform the task, guaranteeing the required motion-
tracking performance. The software has been developed within the ROS
framework.

3.3. Modeling the human’s knowledge through the PBO

In order to model the human’s knowledge to be embedded into
the Modeled Human’s Knowledge and Process Constraints blocks for the
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considered deposition task, a set of deposition radii r, has been con-
sidered as it follows: r; € [10,100] mm, with a step equal to 6 mm.
For each deposition radius, the PBO has been applied to optimize the
deposition task velocity (i.e., to achieve the best possible deposition
quality in terms of homogeneity, absence of vibrations, and quantity
of deposited material), modeling the human’s knowledge (i.e., into the
Modeled Human’s Knowledge block) to be exploited for the deposition
task optimization (i.e., into the Model-Based Process Reference block).
For each experimental trial (suggested by the PBO, as described in
Section 2.1), additional information related to the acceptability of the
deposition task quality is provided. Such information is then embedded
into the Process Constraints block (as detailed in Section 2.2) to provide
the Model-Based Process Reference block with human’s knowledge-based
task constraints.

Remark 2. W.r.t. [32], the here proposed approach allows guaran-
teeing the generalization of the human’s knowledge transfer to the
robotic system. In fact, in this work, the general process behavior can be
modeled and exploited for the optimization of the target task. Instead,
in [32], only a restricted number of geometrical features have been
considered, without taking into consideration their optimization (i.e.,
might not be able to optimally describe the process behavior).

Remark 3. The employed PBO is shown to be efficient in terms of
required experimental trials for the optimization of a process [27].
Indeed, it is extremely powerful to be employed in the proposed
human-centric process tuning approach as it requires the tuning of the
process in different conditions (i.e., varying the path radius).

3.3.1. Human preference evaluation procedure

The following evaluation procedure has been implemented to col-
lect the human preferences (i.e., to judge the deposition output) for
each tested path radius (see Section 3.3) to update the Modeled Human’s
Knowledge block (to be used by the PBO, see Section 2.1):

1. at each optimization iteration of the PBO, a deposition velocity
(that is the optimization variable to be optimized, see Section 3.3)
is proposed to be tested (i.e., the deposition velocity is applied for
the considered path radius to obtain the related deposition output
required for the human judgment process);

2. the preference among the last deposition output (i.e., obtained
making use of the deposition velocity proposed by the last op-
timization iteration of the PBO) and the best one so far (ie.,
the global preference of the human until the last optimization
iteration) is performed by the operator, i.e., providing the pref-
erence among the two task outputs and indicating the preferred
deposition velocity. The preference is given to the deposition
output satisfying the most the operator, taking into consideration
the criteria on the homogeneity of the deposition, absence of
vibrations, and target thickness of the deposited material. The
preference and the pair of evaluated deposition velocity values
are given to the PBO algorithm [27];

3. the PBO computes the next deposition velocity (that is the target
optimization variable for the considered use case) to be tested;

4. the procedure is repeated from 1.

Such a procedure allows the definition of the optimal velocity for each
path radius, to be used by the NLP to optimize the deposition task
execution for any general deposition path.

3.3.2. Acceptability evaluation procedure

The following evaluation procedure has been implemented to col-
lect the acceptability judgments (ie., to evaluate if the deposition
output quality related to the tested deposition velocities provided by
the PBO is globally acceptable or not — i.e., if the output quality
satisfies the minimum quality requirements) for each tested path radius
(see Section 3.3) to update the Process Constraints block (to be used by
the NLP, see Section 2.3):
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1. at each optimization iteration of the PBO, the deposition output
quality is judged as acceptable or not acceptable by the oper-
ator. To be acceptable, it should satisfy the minimum quality
requirements related to the following criteria: homogeneity of
the deposition, absence of vibrations, and target thickness of the
deposited material;

2. the acceptability index is given with a value equal to 1 if the
deposition output is acceptable, and with a value equal to 0 if not
acceptable;

3. the acceptability is modeled making use of binary-classification
Gaussian Process (see Section 2.2) to be used into the proposed
NLP (see Section 2.3);

4. the procedure is repeated from 1.

Such a procedure allows the definition of an acceptable deposition
velocity range (i.e., making use of a velocity in such a range, the
deposition output quality results acceptable, and, therefore, the task can
be considered correctly executed) for each path radius to be used by the
NLP as a constraint for the global optimization phase.

3.4. Task optimization implementation

Employing the NLP as described in Section 2.3, it is possible to
optimize the proposed deposition task by customizing the objective
function in (10), taking also into consideration the task constraints. In
particular, NLP aims to assign the optimum speed to each path radius,
taking into account the following two hard constraints:

+ acceleration has to be kept lower than the maximum allowed
acceleration a,,,: this constraint allows to avoid any hardware
limit violation;

» deposition velocity within the acceptability range: this constraint
allows to guarantee an acceptable deposition quality in the case
that the optimal deposition velocity cannot be guaranteed.

In the following, the terms involved in the optimization problem are
detailed.

3.4.1. Parameters
The parameters involved in the optimization problem are defined
as it follows:

+ R: radii vector containing for each point of the path the corre-
sponding path radius r;;

LB: vector containing the lower bound velocities (defined by the
acceptability range of the velocity as described in Section 3.3)
related to each radius r; in R;

UB: vector containing the upper bound velocities (defined by the
acceptability range of the velocity as described in Section 3.3)
related to each radius r; in R;

OPT: vector containing the optimal velocity related to each radius
r; in R, computed making use of the PBO;

d: vector containing the distance between the path points i and
i+ 1 in its element d,.

The target general path to be executed is given as an input to the NLP
so that the radii vector R can be computed.

The variable to optimize is the deposition velocity v; for each radius
contained in R. The optimized velocity vector v, indeed, contains the
deposition velocities to be executed along the target path.

3.4.2. Objective function

The objective function in (10) is defined to minimize the difference
between the optimal velocity corresponding to the path radius r; in R
and the computed one (i.e., v;), respecting the task constraints:
n—1

2 lv; = OPT}],

i=1

(€8]

where n is the number of path points.
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3.4.3. Hard constraint

The optimized velocity vector v has to respect the two above-defined
constraints, as it is generally defined in (10).

W.r.t. the constraint related to the acceleration limit a,,,,, this is a
nonlinear constraint. Such a constraint can be written as it follows to
highlight the nonlinearity:

[v; = V1|V (12)

a .
dij1 -
W.r.t the constraint on the acceptability of the deposition output
(i.e., defining the acceptable velocity range), this constraint can be
written as it follows:

LB, <v,<UB,. 13)
3.4.4. Assembled NLP

The assembled NLP (i.e., including the definitions in Sections 3.4.1,
3.4.2, and 3.4.3) results in the definition of the optimization parame-
ters:

R =[r,rp,r3,...,r i

>'n

LB =[LB,,LB,,LB;,...,LB,]",

>

UB =[UB,,UB,,UB;,....UB,I", a4
OPT =[OPT,,OPT,,OPT;, ...,0PT,],
d=[dy,dy,ds, ... d,_y,0],

and in the definition of the following objective function (with defined
constraints):

n—1
min Z |v; — OPT;|
i=1
s.t. v; <UB; as)
v; > LB;
U —U; U
H& < gy = 150 mm/s

i

4. Experimental results

This Section provides the experimental results related to the hu-
man’s knowledge modeling and to the evaluation of the proposed
human-centric process tuning approach applied to the robotic sealant
material deposition task.

A video showing the implementation of the proposed approach,
together with the experimental testing, is available at the following
link: https://youtu.be/UyrPkl_iUKQ. In the following, the results shown
in the video are discussed.

4.1. Training results

The procedure described in Section 3.3 to model the human’s knowl-
edge has been employed to derive the optimal deposition task velocity
and the acceptable deposition task velocity range among the path
radius. Fig. 4 shows the PBO experimental trials output of a path radius
(ie., r; = 64 mm), ordered as suggested by the PBO. As it can be seen,
the deposition output is affected by the deposition task velocity (i.e., the
robot end-effector velocity). Each deposition output has been judged
(as detailed in Section 2.1 and in Section 2.2) in order to model the
human’s knowledge of the task (to obtain both the optimal velocity and
the acceptable velocity range). The evolution of the human’s preference
among the PBO iterations (considering r; = 64 mm) is shown on the left-
side of Fig. 5, while the acceptability judgment for each PBO iteration
is shown on the right-side of the same Figure.

By repeating such an optimization procedure for all the considered
radii, the modeling for the optimal velocity and for the acceptable
velocity range can be obtained. Fig. 6 shows the achieved modeling.
The resulting modeling for the optimal velocity and for the acceptable


https://youtu.be/UyrPkl_iUKQ

L. Roveda et al.

Journal of Manufacturing Systems 67 (2023) 68-79

Fig. 4. PBO experimental trials output for the tuning of the path radius r, = 64 mm. The following deposition task velocities (mm/s) have been suggested by the PBO (ordered
based on the PBO suggestion): 98, 92, 26, 44, 32, 60, 64, 68, 84, 72, 74. The preferred deposition velocity among all the optimization iterations is 74.
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Fig. 5. On the left-side of the Figure, the evolution of the human’s preference w.r.t. the PBO iterations is shown. On the right-side of the Figure, the acceptability judgment (i.e., 0
for the not acceptable deposition and 1 for the acceptable deposition) is provided w.r.t. the PBO iterations. Both plots are related to the optimization of the path radius r; = 64 mm,

as in Fig. 4.
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Fig. 6. Optimal deposition task velocity (blue line) and acceptable deposition task velocity range (light-blue velocity range) w.r.t. the path radius obtained by employing the PBO

for the modeling of the human’s task knowledge and the acceptability judgment.

velocity range (described in Section 2.1 and in Section 2.2, respec-
tively) allows to embed the human’s knowledge into the Modeled
Human’s Knowledge block, to be used for the task optimization purpose.

The proposed PBO requires between 10 and 12 optimization itera-
tions for each radius to be optimized, taking between 5 to 6 minutes. To

75

generate an accurate enough model, 16 radii have been independently
optimized, for a total of 163 deposition experiments and between 80
and 95 minutes for the complete execution of the PBO over all the
considered radii. Such an optimization procedure is indeed very fast
and efficient to be performed in real applications.
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Fig. 7. Obtained deposition output without (left-side image) and with (right-side image) the usage of the Model-Based Process Reference block. As it can be seen, the deposition
output quality is improved by employing the proposed model-based optimization block exploiting the modeled human’s knowledge.

The obtained optimal velocity modeling has been embedded into
the Modeled Human’s Knowledge block, while the acceptable velocity
range modeling has been embedded into the Process Constraints block,
together with an additional process constraint on the acceleration,
setting such a limit equal to 150 mm/s?.

Remark 4. It has to be underlined that the maximum path radius
r; = 100 mm has been considered due to the fact that, as shown in
Fig. 6, a saturation value for the optimal velocity is reached for higher
radii. Indeed, for path radius r; > 100 mm the same optimal velocity
and acceptable velocity range are taken as for r; = 100 mm (e.g., for a
straight line, the same values for the optimal velocity and acceptable
velocity range are used as the ones of r; = 100 mm).

Remark 5. The acceleration limit has been set on the basis of the
employed hardware. Such a constraint (or additional ones) can be
adapted (or even optimized making use of the PBO) on the basis of
the considered process/hardware.

4.2. Validation results

In order to evaluate the effect of the Model-Based Process Reference
block optimizing the deposition task exploiting both the optimal ve-
locity modeling and the task constraints, Fig. 7 shows the deposition
output without (left-side image) and with (right-side image) its usage.
As it can be seen, the Model-Based Process Reference block plays an
important role in order to exploit the modeled human’s knowledge and
the additional task constraints to guarantee the target task quality. The
related velocity profiles along the curvilinear axis of the deposition
path are shown in Fig. 8, in order to highlight the effect on the
deposition task velocity related to the Model-Based Process Reference
block. As it can be seen, the Model-Based Process Reference block allows
modulating the deposition velocity to satisfy the task constraints (i.e.,
related to the acceptable deposition velocity and to the acceleration
limit). The thickness of the deposited material has been also measured
in 45 positions along the path in order to quantify the homogeneity of
the deposition. Table 2 shows the mean and the standard deviation of
such measurements for both the depositions in Fig. 7. As it can be seen,
employing the proposed human-centric approach for task optimization,
a highly homogeneous deposition is achieved (standard deviation of
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Table 2
Deposited thickness mean and standard deviation values as for the task output in Fig. 7
computed taking 45 measurements along the path.

Mean [mm] Standard deviation [mm]
Not-optimized path (left-side Fig. 7) 7.81 1.63
Optimized path (right-side Fig. 7) 10.477 0.862

the measured thickness equal to 0.862 mm). Instead, taking into consid-
eration the not-optimized path, the deposition homogeneity becomes
worse (standard deviation of the measured thickness equal to 1.63 mm,
ie., the double w.r.t. the one obtained with the optimized path).
Comparing the obtained deposition thickness mean value (10.477 mm)
w.r.t. the one obtained by the PBO for the different radii (10.25 mm,
computed taking into consideration all the optimal - i.e., based on the
user’s preference — depositions for each radius), it can be highlighted
that the proposed human-centric approach is capable to guarantee a
target task quality as expected by the operator.

Other two additional deposition paths have been tested as it is
shown in Fig. 9, making use of the proposed human-centric process
tuning approach. As it can be highlighted, the proposed approach
allows embedding and exploit for optimization purposes of the task
knowledge of the operator, allowing them to perform any general task
achieving the target quality.

4.3. Comparison results

The performance of the proposed human-centric approach have
been compared with the ones achieved by making use of the Pro-
gramming by Demonstration (PbD) approach in [4], and with the
ones achieved by making use of the velocity planner in [32]. Fig. 10
shows the deposition output obtained making use of the PbD approach
in [32] (left-side of the Figure), the deposition output obtained making
use of the velocity planner in [32] (center of the Figure), and the
deposition output obtained with the proposed human-centric approach
(right-side of the Figure). W.r.t. the PbD approach in [4] and w.r.t.
the velocity planner in [32] (which exploits a limited set of path-
features), the proposed approach allows to improve the homogeneity
of the deposition while adopting a simpler robot controller, and do
not require manual demonstrations of the task (that are affected by
teaching and recording errors/uncertainties). The proposed approach
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Fig. 8. Reference velocity for the not-optimized (left-side image) and for the optimized (right-side image) deposition task along the curvilinear axis of the deposition path. As it
can be seen, the Model-Based Process Reference block plays a fundamental role in the optimization of the task performance, modulating the deposition task velocity to track the
modeled optimal velocity while satisfying the task constraints (both including the human’s knowledge-based constraints and the hardware constraints). As a matter of example,
taking into consideration the initial part of the path (highlighted in black in Fig. 7 and in this Figure), it can be seen that the velocity along the horizontal part of this path is
reduced (ie., the picks in the highlighted part of the velocity plot) in order to satisfy the acceleration limit. In the same way, the rest of the path is modulated in order to satisfy
the optimization constraints.

Fig. 9. Additional two deposition paths have been tested to show the generalization of the proposed human-centric process tuning approach.

Fig. 10. Obtained deposition output exploiting the PbD approach in [4] (left-side image), exploiting the velocity planner in [32] (center of the image), and exploiting the proposed
human-centric approach (right-side image). As it can be seen, the deposition output quality is improved in terms of homogeneity. The proposed approach is capable to embed
human’s knowledge into the simpler robot controller, providing improved generalization performance.

improves the generalization capabilities of the robotic system due to the exploration/exploitation behavior, based on the setting of the §

the extensive modeling of the process behavior, making it possible to parameter in (8), as it is shown in Fig. 5. Indeed, an exit criterion can
catch the full operator’s task knowledge. be defined based on the maximum number of optimization iterations

or based on a target task output to be reached. More insights on the
Remark 6. It has to be noticed that the PBO (as the Bayesian opti- performance of the PBO in terms of optimal parameters computation
mization [34]) is not providing a purely converging behavior due to and efficiency can be found in [27].
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Remark 7. It has to be underlined that, in order to improve the
generalization capabilities of the approach in [32], more path-features
should be introduced. However, as it is shown in [32], this will increase
the number of parameters to be tuned, increasing the complexity of
the optimization process. The employed PBO performs efficiently with
a maximum number of optimization parameters equal to 15. If more
optimization parameters are defined, the optimization might not con-
verge. Taking into consideration the approach in [32], 8 optimization
parameters were already defined. Indeed, by adding a few more geo-
metrical features (i.e., 3 more) or increasing the modeling complexity
of the ones already defined, the PBO limit is reached. The proposed
human-centric approach, instead, reduces the optimization complexity
while making it possible to model the human’s process knowledge. In
addition, the computational time of the PBO is minimized (less than 30
s for each optimization cycle), having only one optimization variable
to be optimized (i.e., the related deposition velocity) for each radius.

Remark 8. The proposed human-centric approach has been compared
with the approach in [32] due to the fact that, to the best knowledge of
the authors, no other work proposing a qualitative-based optimization
framework is available. In addition, it has been compared with the PbD
approach in [4] to show the improved capabilities of the proposed
approach w.r.t. PbD methodologies. The proposed approach cannot
be compared with quantitative-based optimization frameworks due to
the specific focus on human-centric optimization not employing any
measurement systems and/or quantitative performance indexes.

5. Conclusions

In this paper, a human-centric process tuning approach is proposed.
Making use of preference-based optimization, the human’s task knowl-
edge is modeled. Additionally, information about the acceptability of
the task performance are provided by the operator, being modeled
and exploited as task constraints. Then, such models (together with
other hardware constraints) are employed by an optimization algo-
rithm to perform any general task maximizing the process output
performance. The proposed approach has been validated on a robotic
sealant material deposition task. The achieved results show the ca-
pabilities of the method to embed and exploit human’s knowledge
for process optimization purposes. Generalization capabilities are also
demonstrated.

Future work will consider the modeling of the task constraints
(ie., the acceleration in the considered deposition task) w.r.t. the task
parameters (i.e., of the path radius in the considered deposition task)
to further improve the performance. In fact, in this way, it would be
possible to improve the process modeling for optimization purposes.
Indeed, due to its efficiency in terms of required experimental trials
and fast performance judgment, the PBO will be employed in order
to optimize the transition (and, therefore, the task-based constraints)
between the task phases (i.e., from one radius to the other in the consid-
ered deposition task). Furthermore, the online update (also exploiting
the expert user’s suggestions on the process parameters for further
testing) of the modeled human’s knowledge will be implemented to
continuously improve such modeling. Additionally, the focus will be
also moved to physical human—robot collaborative tasks, enhancing
the human’s knowledge modeling with a human’s state modeling. In
such a way, it will be possible to include in the global modeling
the psycho-physical human’s state (including, e.g., the tiredness of the
operator) to adapt the robot behavior to maximize the collaboration
performance. Emotions monitoring will be also considered in order to
map the sensations of the operator into the mentioned modeling.

Declaration of competing interest

The authors declare the following financial interests/personal rela-
tionships which may be considered as potential competing interests:
Loris Roveda reports financial support was provided by Horizon 2020
and Hasler Stiftung.

78

Journal of Manufacturing Systems 67 (2023) 68-79

Acknowledgments

The work has been developed within the project ASSASSINN,
funded from H2020 CleanSky 2 under grant agreement n. 886977.

This work was partially supported by the project RoboPref, funded
from Hasler Stiftung.

References
[1] Queralta JP, Taipalmaa J, Pullinen BC, Sarker VK, Gia TN, Tenhunen H,
Gabbouj M, Raitoharju J, Westerlund T. Collaborative multi-robot systems for
search and rescue: Coordination and perception. 2020, arXiv preprint arXiv:
2008.12610.
Abdelaal AE, Mathur P, Salcudean SE. Robotics in vivo: a perspective on human—
robot interaction in surgical robotics. Annu Rev Control, Robot, Auton Syst
2020;3:221-42.
Dalla Gasperina S, Roveda L, Pedrocchi A, Braghin F, Gandolla M. Review on
patient-cooperative control strategies for upper-limb rehabilitation exoskeletons.
Front Robot AI 2021;8.
Roveda L, Magni M, Cantoni M, Piga D, Bucca G. Human-robot collaboration
in sensorless assembly task learning enhanced by uncertainties adaptation via
Bayesian Optimization. Robot Auton Syst 2021;136:103711.
Matheson E, Minto R, Zampieri EG, Faccio M, Rosati G. Human-robot
collaboration in manufacturing applications: a review. Robotics 2019;8(4):100.
Oztemel E, Gursev S. Literature review of Industry 4.0 and related technologies.
J Intell Manuf 2020;31(1):127-82.
ElFar OA, Chang C-K, Leong HY, Peter AP, Chew KW, Show PL. Prospects of
Industry 5.0 in algae: Customization of production and new advance technology
for clean bioenergy generation. Energy Convers Manage: X 2021;10:100048.
Nahavandi S. Industry 5.0—A human-centric
2019;11(16):4371.
Vicentini F, Pedrocchi N, Beschi M, Giussani M, lannacci N, Magnoni P,
Pellegrinelli S, Roveda L, Villagrossi E, Askarpour M, et al. PIROS: Cooperative,
safe and reconfigurable robotic companion for CNC pallets load/unload stations.
In: Bringing innovative robotic technologies from research labs to industrial
end-users. Springer; 2020, p. 57-96.
Kim W, Lorenzini M, Balatti P, Nguyen PD, Pattacini U, Tikhanoff V, Peternel L,
Fantacci C, Natale L, Metta G, et al. Adaptable workstations for human-robot
collaboration: A reconfigurable framework for improving worker ergonomics and
productivity. IEEE Robot Autom Mag 2019;26(3):14-26.
Roveda L, Haghshenas S, Caimmi M, Pedrocchi N, Molinari Tosatti L. Assisting
operators in heavy industrial tasks: On the design of an optimized cooperative
impedance fuzzy-controller with embedded safety rules. Front Robot Al 2019;75.
Mauri A, Lettori J, Fusi G, Fausti D, Mor M, Braghin F, Legnani G, Roveda L.
Mechanical and control design of an industrial exoskeleton for advanced human
empowering in heavy parts manipulation tasks. Robotics 2019;8(3):65.
Roldan JJ, Crespo E, Martin-Barrio A, Pefia-Tapia E, Barrientos A. A training
system for Industry 4.0 operators in complex assemblies based on virtual reality
and process mining. Robot Comput-Integr Manuf 2019;59:305-16.
Sherwani F, Asad MM, Ibrahim BSKK. Collaborative robots and industrial
revolution 4.0 (ir 4.0). In: 2020 International conference on emerging trends
in smart technologies (ICETST). IEEE; 2020, p. 1-5.
Calinon S. Learning from demonstration (programming by demonstration). Encycl
Robot 2018;1-8.
Khan M, Wu X, Xu X, Dou W. Big data challenges and opportunities in the hype
of Industry 4.0. In: 2017 IEEE international conference on communications (ICC).
IEEE; 2017, p. 1-6.
Zubrycki I, Kolesinski M, Granosik G. Graphical programming interface for
enabling non-technical professionals to program robots and internet-of-things
devices. In: International work-conference on artificial neural networks. Springer;
2017, p. 620-31.
Sano S, Kadowaki T, Tsuda K, Kimura S. Application of Bayesian optimization
for pharmaceutical product development. J Pharm Innov 2020;15(3):333-43.
Thiele L, Miettinen K, Korhonen PJ, Molina J. A preference-based evolutionary
algorithm for multi-objective optimization. Evol Comput 2009;17(3):411-36.
Ruiz AB, Saborido R, Luque M. A preference-based evolutionary algorithm
for multiobjective optimization: the weighting achievement scalarizing function
genetic algorithm. J Global Optim 2015;62(1):101-29.
Vaz AIF, Vicente LN. A particle swarm pattern search method for bound
constrained global optimization. J Global Optim 2007;39(2):197-219. http://dx.
doi.org/10.1007/s10898-007-9133-5.
Kennedy J. Particle swarm optimization. In: Encyclopedia of machine learning.
Boston, MA: Springer US; 2010, p. 760-6. http://dx.doi.org/10.1007/978-0-387-
30164-8_630.
Lee K, Smith L, Dragan A, Abbeel P. B-pref: Benchmarking preference-based
reinforcement learning. 2021, http://dx.doi.org/10.48550/ARXIV.2111.03026,
URL https://arxiv.org/abs/2111.03026.

[2]

[3]

[4]

[5]
[6]

[71

[8] solution.  Sustainability

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]


http://arxiv.org/abs/2008.12610
http://arxiv.org/abs/2008.12610
http://arxiv.org/abs/2008.12610
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb2
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb2
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb2
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb2
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb2
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb3
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb3
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb3
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb3
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb3
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb4
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb4
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb4
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb4
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb4
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb5
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb5
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb5
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb6
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb6
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb6
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb7
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb7
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb7
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb7
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb7
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb8
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb8
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb8
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb9
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb9
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb9
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb9
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb9
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb9
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb9
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb9
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb9
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb10
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb10
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb10
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb10
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb10
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb10
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb10
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb11
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb11
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb11
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb11
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb11
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb12
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb12
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb12
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb12
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb12
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb13
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb13
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb13
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb13
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb13
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb14
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb14
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb14
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb14
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb14
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb15
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb15
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb15
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb16
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb16
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb16
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb16
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb16
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb17
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb17
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb17
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb17
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb17
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb17
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb17
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb18
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb18
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb18
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb19
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb19
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb19
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb20
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb20
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb20
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb20
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb20
http://dx.doi.org/10.1007/s10898-007-9133-5
http://dx.doi.org/10.1007/s10898-007-9133-5
http://dx.doi.org/10.1007/s10898-007-9133-5
http://dx.doi.org/10.1007/978-0-387-30164-8_630
http://dx.doi.org/10.1007/978-0-387-30164-8_630
http://dx.doi.org/10.1007/978-0-387-30164-8_630
http://dx.doi.org/10.48550/ARXIV.2111.03026
https://arxiv.org/abs/2111.03026

L. Roveda et al.

[24]

[25]

[26]

[27]

[28]

Busa-Fekete R, Hiillermeier E, Mesaoudi-Paul AE. Preference-based online learn-
ing with dueling bandits: A survey. 2018, CoRR abs/1807.11398, arXiv:1807.
11398, URL http://arxiv.org/abs/1807.11398.

Yue Y, Broder J, Kleinberg R, Joachims T. The K-armed dueling ban-
dits problem. J Comput System Sci 2012;78(5):1538-56. http://dx.doi.org/
10.1016/j.jcss.2011.12.028, URL https://www.sciencedirect.com/science/article/
pii/S$0022000012000281, JCSS Special Issue: Cloud Computing 2011.
McDonald DB, Grantham WJ, Tabor WL, Murphy MJ. Global and local
optimization using radial basis function response surface models. Appl Math
Model 2007;31(10):2095-110. http://dx.doi.org/10.1016/j.apm.2006.08.008,
URL https://www.sciencedirect.com/science/article/pii/S0307904X06002009.
Bemporad A, Piga D. Global optimization based on active preference learning
with radial basis functions. Mach Learn 2021;110(2):417-48.

Ingraham K, Remy C, Rouse E. The role of user preference in the customized
control of robotic exoskeletons. Science Robotics 2022;7(64):eabj3487.

79

[29]

[30]

[31]

[32]

[33]

[34]

Journal of Manufacturing Systems 67 (2023) 68-79

Palan M, Landolfi NC, Shevchuk G, Sadigh D. Learning reward functions by
integrating human demonstrations and preferences. 2019, arXiv preprint arXiv:
1906.08928.

Zhu M, Bemporad A, Piga D. Preference-based MPC calibration. 2020, arXiv:
2003.11294.

Choi J, Dance C, Kim J-e, Park K-s, Han J, Seo J, Kim M. Fast adaptation of deep
reinforcement learning-based navigation skills to human preference. In: 2020
IEEE international conference on robotics and automation (ICRA). IEEE; 2020,
p. 3363-70.

Roveda L, Maggioni B, Marescotti E, Shahid AA, Zanchettin AM, Bemporad A,
Piga D. Pairwise preferences-based optimization of a path-based velocity planner
in robotic sealing tasks. IEEE Robot Autom Lett 2021;6(4):6632-9.
Schittkowski K, Zillober C. Nonlinear programming: Algorithms, software, and
applications. IFIP Adv Inf Commun Technol 2006;166:73-107. http://dx.doi.org/
10.1007/0-387-23467-5_5.

Roveda L, Forgione M, Piga D. Robot control parameters auto-tuning in trajectory
tracking applications. Control Eng Pract 2020;101:104488.


http://arxiv.org/abs/1807.11398
http://arxiv.org/abs/1807.11398
http://arxiv.org/abs/1807.11398
http://arxiv.org/abs/1807.11398
http://arxiv.org/abs/1807.11398
http://dx.doi.org/10.1016/j.jcss.2011.12.028
http://dx.doi.org/10.1016/j.jcss.2011.12.028
http://dx.doi.org/10.1016/j.jcss.2011.12.028
https://www.sciencedirect.com/science/article/pii/S0022000012000281
https://www.sciencedirect.com/science/article/pii/S0022000012000281
https://www.sciencedirect.com/science/article/pii/S0022000012000281
http://dx.doi.org/10.1016/j.apm.2006.08.008
https://www.sciencedirect.com/science/article/pii/S0307904X06002009
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb27
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb27
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb27
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb28
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb28
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb28
http://arxiv.org/abs/1906.08928
http://arxiv.org/abs/1906.08928
http://arxiv.org/abs/1906.08928
http://arxiv.org/abs/2003.11294
http://arxiv.org/abs/2003.11294
http://arxiv.org/abs/2003.11294
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb31
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb31
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb31
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb31
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb31
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb31
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb31
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb32
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb32
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb32
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb32
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb32
http://dx.doi.org/10.1007/0-387-23467-5_5
http://dx.doi.org/10.1007/0-387-23467-5_5
http://dx.doi.org/10.1007/0-387-23467-5_5
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb34
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb34
http://refhub.elsevier.com/S0278-6125(23)00015-8/sb34

	A human-centric framework for robotic task learning and optimization
	Introduction
	Context
	Related work
	Paper contribution
	Paper layout

	Methodology
	Preference-based optimization
	Building a surrogate function from preferences
	Acquisition function
	Pseudocode

	Task acceptability
	Nonlinear programming

	Use case: robotic sealant material deposition task
	Task description
	Materials
	Modeling the human's knowledge through the PBO
	Human preference evaluation procedure
	Acceptability evaluation procedure

	Task optimization implementation
	Parameters
	Objective function
	Hard Constraint
	Assembled NLP


	Experimental results
	Training results
	Validation results
	Comparison results

	Conclusions
	Declaration of Competing Interest
	Acknowledgments
	References


