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1. INTRODUCTION

Physical Human-Machine Interaction describes the hap-
tically coupled action of a human and a robot, jointly
acting upon a system. Teaming these two agents allows
for a gainful combination of each other’s strenghts, which
results in potential applications in various domains. Com-
mon examples are found where repetitive and/or physical
work is performed in unstructured environments, allowing
to combine the robots physical strength and precision with
the human flexibility to adapt. Exemplary cases are shown
in collaborative welding (Wang et al. (2019)), collabo-
rative manufacturing (Guerin et al. (2014)), and physi-
cial assistance of human walking movements (Schneider
et al. (2022)). Shared control deals with the control of
such an automation, aiming at providing a performant
and intuitive interaction (Abbink et al. (2012)). The re-
sulting behavior strongly depends on the automation’s
parametrization, for which different approaches exist: A
straightforward advance is to heuristically tune the param-
eters for the desired behavior (e.g. Mulder et al. (2012)),
however, being tedious and task-specific. More elaborate
approaches are model-based, relying on an abstraction of
the human behavior: One approach is to model the human
as an impedance system and shape the overall impedance
as desired (e.g. Ficuciello et al. (2015), Dong et al. (2020)),
resutling in improved performance but usually missing an
active support. Latest methods describe human behavior
using optimality principles, modeling the interaction us-
ing a dynamic game (e.g. Varga (2024), Franceschi et al.
(2023)), leading to a generalizable approach to design an
automation.

Most currently used model-based shared control ap-
proaches assume that the human behaves deterministi-
cally. However, neurosocientific literature shows that the

human acts stochastically (Abend et al. (1982), Harris
and Wolpert (1998)) and focuses on a successful task
completion only in areas that are relevant for the task at
hand. This results in a focus of precision in task-relevant
areas, and an unstructured, high variability, execution in
task-irrelevant areas. This observation is termed minimal
intervention principle (Todorov and Jordan (2002)). This
stochastic behavior can most-suitably be modeled using
stochastic optimal control models (Todorov (2005)), the
most common representative being a linear-quadratic sen-
sorimotor (LQS) model. Knowledge of this stochasticity
and it’s modeling opens up the opportunity to design
more human-centric control concepts which explicitly in-
corporate the human variability in the controller design.
The expected benefits are an increased task performance
and a potentially improved experience, as presented in
simulation in our previous work Kille et al. (2024). A
prerequisite for this novel concept is the knownledge of
human behavior, meaning that the LQS model parameters
that model an individual’s movement behavior, need to be
identified.

This paper deals with the first practical step towards such
a variability-respecting control design. It presents an iden-
tification of human point-to-point reaching movements as
a LQS model, including the observed variability patterns.
On this basis, further work can then use the gained insights
to aid in the design of novel control concepts that explic-
itly consider human inherent variability. This work firstly
presents the system configuration which allows a human to
haptically interact with a simulated system using a robotic
arm. The experimental setup is kept highly modular, al-
lowing it to be transferred to real-world systems and be
supplemented with an automation resulting in a beneficial
human-machine interaction. We then introduce the LQS
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model for goal-directed human movements. Furthermore,
a subject study is conducted, in which 13 subjects move
a simulated point-mass using a goal-directed movement.
We analyze the movements and identify the matching
parameters of the LQS model using inverse stochastic
optimal control, allowing us to gain an understanding on
the average human behavior and it’s variability resulting
through noise processes. This identification is crucial for
further works, which will then be able to parametrize
controllers that are personalized to individual subjects and
allow the consideration of individual variability patterns.

2. MATERIALS AND METHODS

In the following section, we firstly display related works
from which this paper distinguishes. Subsequently, we
present 1) the system configuration, 2) the to-be-identified
human stochastic optimal control model, and 3) the iden-
tification procedure.

2.1 Related works

With the awareness that human movements can be de-
scribed using optimality principles, the identification of
this behavior, i.e. the estimation of model parameters that
result in a simulated behavior that matches the human
behavior, has been of large interest.

The identification of human arm movements using inverse
optimal control has been applied in various cases, the
first works being by e.g. Liu et al. (2005) which minimize
the joint torque within the objective function. A surge
of research leads to various adaptions and extensions,
e.g. Panchea et al. (2018) using a combination of multi-
ple objective functions. Inverse optimal control methods
have been applied to point-to-point movements (Berret
et al. (2011)), reaching tasks in manufacturing (Sylla
et al. (2014)) or locomotion trajectories (Mombaur et al.
(2010)). In recent years, an extension to the two-player
case using differential games has sparked interest (Rothfuß
et al. (2017)). However, all these approaches identify the
human as a deterministic player. Only few proposals exist
which deal with the identification of a stochastic human.
Chen and Ziebart (2015) and Priess et al. (2014) show
first attempts at identifying the linear-quadratic gaussian
case including additive noise, but neglecting multiplicative
noise. With Karg et al. (2024) a computationally efficient
approach which allows the identification of the additive
and multiplicative noise processes is introduced and a
similar previous version has been validated on identifying
human driving behavior in Karg et al. (2023). An appli-
cation to reaching movements as well as further using the
noise parameters as a basis for controller parametrization
is still outstanding. This paper deals with the former,
aiming to therewith provide a basis for future controller
designs.

2.2 System configuration

In order to analyze physical Human-Robot Interaction, we
implement an experimental setup that allows for haptic in-
teraction in which a human, and optionally an automation,
manipulate a simulated system. As a haptic interface we
include a robotic arm (KUKA LBR iiwa 14 R820) using

the control concepts as introduced by Braun et al. (2023).
In the presented configuration it features a large quadratic
workspace of 320 x 320 mm and allows for the measuring
and exertion of forces and torques.

As a communication framework we choose the robot op-
erating system (ROS) (Quigley et al. (2009)), allowing
us to implement each software component as a seperate
element. The interplay of all components of the overall
system structure is depicted in Fig. 1.

Both an automation and a human can manipulate a virtual
system, e.g. a simulated point-mass, through their input
uA and uH. We describe the time-discrete linear system
dynamics with

xt+1 =Axt +BAuA,t +BHuH,t

+Σααt +

c∑
i

σu
i ε

(i)
t BHF iuH,t, (1)

yH,t = HHxt +Σββt +
d∑
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σx
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(i)
t HHGixt, (2)

where x ∈ Rn denotes the system state, uH ∈ RmH

and uA ∈ RmA the control variables of the human and
automation, respectively, and yH the human perception.
In the human action we encounter an additive standard
white Gaussian noise process αt with scaling parame-
ters Σα ∈ Rn and a control-dependent noise process∑c

i σ
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]⊺

denotes a standard white Gaussion noise process. The
stochastic process xt is initialized with E{x0} and
cov(x0,x0) = Ωx

0 .

The human’s input of force fH is measured via the robot’s
torque sensors which are transformed to cartesian forces.
The virtual system’s position state p is communicated
to the robot as a set-point, which results in a feedback-
loop that allows the human to receive haptic feedback of
the system state. A graphical user interface additionally
visually displays the system’s current position p and the
reference points T i, see Fig. 2.

2.3 Stochastic Optimal Control Model for Goal-Directed
Human Movements

We model the human movement using a LQS model for
goal-directed movements as introduced by Todorov (2005),
resulting in the state equation (1) with uA = 0.

According to the LQS model, the human control law aims
at minimizing the performance criterion
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Fig. 1. Overview of the software components and the interacting human. ROS nodes are visualized in grey. The
automation was set to uA = 0 in this work. ROS topics are represented with solid arrows. Human’s visual perception
and haptic interaction is represented with dashed arrows.

Fig. 2. Experimental setup. The haptic interface is dis-
played in the foreground, allowing a user to exert
forces and receive haptic feedback on the position.
The graphical user interface is depicted in the back-
ground. It displays the current simulated mass posi-
tion as a cross, a reached reference position in green
and an approaching reference position in red.

JH =E

{
x⊺
NQH,NxN

+

N−1∑
t=0

(
x⊺
tQH,txt + u⊺

H,tRHuH,t

)}
, (3)

with QH,t ∈ Rn×n being symmetric and positiv semidefi-

nite for t = 0, ..., N − 1 and RH ∈ Rm×m being symmetric
and positive definite. We can transform (3) into a form
that allows penalizing a deviation from a reference state
(i.e. xt − xref) by introducing additional position states

pref with constant dynamics, see e.g. Todorov and Jor-
dan (2002), thus enabling the analyzis of point-to-point
movements from one point T i = pref,i to the next point
T i+1 = pref,i+1.

An approximate solution to this optimal control problem
can be found with

uH,t = −LH,tx̂H,t,

x̂H,t+1 = Ax̂H,t +BHuH,t +KH,t

(
yH,t −HHx̂H,t

)
,

where x̂H denotes the estimated system state by the
human. For a detailed derivation we refer to Todorov
(2005) and Karg et al. (2024).

2.4 Inverse Stochastic Optimal Control

To derive a control law that respects human vari-
ability, a proper knowledge of the natural human be-
havior is needed. Therefore the cost function matrices
QH,N ,QH,RH and noise scaling parameters Σα,σu

i ,Σ
β,

σx
i need to be identified. We use the identification algo-

rithm presented by Karg et al. (2024). It allows the iden-
tification of the above parameters, based on a set of time-

discrete measured system trajectories Mx
∗,(k)
t , with x

∗,(k)
t

being one repetition of the stochastic process x∗
t which

results from the closed-loop LQS system. The unknown
parameters that result in the observed trajectories are
represented by s∗ and σ∗, which combine the cost function
parameters and the noise scaling parameters, respectively.
M reduces the full system state to only the observable
system states. For a detailed explanation of the algorithm
we refer to their publication.

3. SUBJECT STUDY

Our experimental system as well as the study procedure
is introduced in this section.

3.1 Experimental System

For our present experiments, we choose a simulated mass-
damper system which shows a close analogy to related
works in neuroscience and works analyzing pHRI. The
former represent the human hand as a point mass, the
latter analyze e.g. the collaborative manipulation of a
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tool. The following dynamic equations for the x-dimension
result:

px,t+1 = px,t +∆t ṗx,t, (4a)

ṗx,t+1 =

(
1−∆t

d

m

)
ṗx,t +

∆t

m
fx,t, (4b)

with px and ṗx denoting the position and velocity of the
point mass m with the damping factor d. Furthermore
we define the human muscle force fx,t to be the output
of a second-order linear filter gx with the human neural
activation uH,x as input:

fx,t+1 =

(
1− ∆t

τ2

)
fx,t +

∆t

τ2
gx,t + uA,x,t, (5a)

gx,t+1 =

(
1− ∆t

τ1

)
gx,t +

∆t

τ1
uH,x,t. (5b)

An automation’s input uA,x would add to the overall
exerted force fx. The system state is defined as x =
[px ṗx fx gx px,ref ]

⊺
. The manipulated object is simulated

as a point-mass with an inertia of m = 50 kg and damped
with d = 75 kg/s. We constraint the system to be movable
in the x-dimension only. From the dynamic equations, the
human system matrices A and BH can be derived. Re-
garding the human perception, we set HH = [I3×3 03×2].

We model independent stochastic processes α and β for
each state and output: Σα = diag([σ1 σ2 σ3 σ4 0]) and

Σβ = diag([σ5 σ6 σ7]). For the signal-dependend noise
processes we define:

σuBHF =σ8BH,

σx
1HHG1 =σ9HHdiag([1 0 0 0 0]),

σx
2HHG2 =σ10HHdiag([0 1 0 0 0]),

σx
3HHG3 =σ11HHdiag([0 0 0 0 1]).

3.2 Procedure

In the study, 13 participants with a mean age of 24.5 ±
4.2 took part. All subjects are right-handed and male.
First, the subjects get to familiarize themselves with
the system through a test run of 45 s. During the main
part of the study, the subjects are instructed to perform
a 1-dimensional reaching task, moving a virtual mass
between reference points which are located at Tx =
−12 cm/0 cm/12 cm on the x-axis. The 75 reference blocks
appear pseudorandomized at the top of the screen and
move downwards where they are to be held for 3.4 s. Short
movements of 12 cm to and from Tx = 0 cm are to be
performed within 2.6 s, long movements of 24 cm within
4.1 s. A successful reaching of a reference point is indicated
by tbe reference block turning from red to green. The main
study part takes 9mins. We focus on identifying the long
movement from Tx = −12 cm to Tx = 12 cm, which was
repeated 20 times.

4. RESULTS & DISCUSSION

This subsection first presents how the data analysis was
approached, before presenting the gained results from our
subject study and discussing them.

4.1 Analysis

For data processing, the system position px is approxi-
mated using a cubic spline. The velocity is then calculated
using numerical differentiation. Position and velocity for-
mulate the observed system states that are used for the
identification procedure. For each movement repetition,
we determine the starting time as the last point where |v|
is approx. 0m/s. Repetitions which do not fall below that
threshold are removed from the dataset. We then calculate
the average human behavior x∗

t and variance Ωx∗

t based
on all repetitions of one type of movement by one subject.

In order to identify the cost function and noise parameters
of the human, we use the inverse stochastic optimal control
algorithm introduced by Karg et al. (2024). The measured
data is sampled with 100Hz, however we downsample to
25Hz for easier handling the data. This results in 110 time
steps and 4.4 s for the analysed movement.

4.2 Results

Firstly, we analyze the measured data. Figure 3a displays
the mean and covariance of the position and velocity data
of each subject, moving from −12 cm to Tx = 12 cm.
Looking at the mean position, all subjects are able to
reach the goal point within the specified time with a
maximum position error of 5%. The velocity profiles match
the expected point-to-point reaching features: They are
single-peaked and mostly bell-shaped and symmetric. All
profiles are slightly left-skewed. Subject 11 shows a strong
outlier behavior, exhibiting a much higher mean velocity.
This results in an earlier average reaching of the target
point, but comes with a much higher variance in position
and velocity compared to the other subjects.

The covariance data also matches the expected features:
the position variance profiles are bell-shaped, single peaked
and mostly symmetric. They all reach values close to
zero, with the variance at t = 5 s always being smaller
than 5 × 10−5 m2. The peak values in position variance
differ greatly between the subjects, with the smallest peak
variance reaching 2 × 10−4 m2 and largest peak variance
being at 9.5 × 10−4 m2, excluding the outlier S11. The
velocity variance profiles show two peaks and, except for
outlier S11, are symmetric and display a visible decrease
in variance between the two peaks.

For the identification, we take the average behavior over
all subjects except the outlier subject S11. Figure 3b
shows the mean measured data as well as the LQS model
predictions for the average and variance of position and ve-
locity. Looking at the model predictions qualitatively, the
LQS model prediction profiles match with the measured
data: single-peaked position variance and single peaked
mean velocity profiles, as well as double-peaked velocity
variance. The absolute value of the modeled velocity peak
matches the measured data, however, the modeled behav-
ior displays a delayed response compared to the measured
data which also shows in the delayed position curve. Re-
garding the position variance, the peak covariance value is
predicted with an error of 19% to the maximum value and
does not flatten towards the end of the movement as much
as observed in the measured data. Looking at the velocity
variance, the douple-peaked shape of the measured data
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(a) Mean and variance of the measured data for each subject.
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(b) Mean measured data and LQS model prediction over all subjects except outlier subject S11.

is predicted accordingly. Predicted peak variance values
show errors of 3% and 8% and the predicted variance at
the end of the movement shows an error of 16%.

4.3 Discussion

The goal of this paper is the identification of human
natural variability behavior in a real reaching task. This
aims at providing a basis for controller development which
explicitly considers this variability in the control design
and parametrization. Therefore, especially the qualitative
shape and key values of the predicted model are of interest.
The results show that the used identification procedure
suits our goal: Since the shape and the magnitude of
values of the predictions matches the measured data, the
presented results can be used as a basis for variability-
respecting controller designs. Merely the predicted po-
sition variance peak does not perfectly match with the
observed data. With an error of less than 20% however, the
predicted magnitude and overall shape can still be used as
a basis for personalization.

Whether the identified mean behavior over all subjects or
an individual identification could lead to improved per-
formance and perception needs to be analyzed in further
works. The large spread in position variance peak values
indicates that an individual identification or an identifica-
tion by subgroups will be needed, instead of an identifi-
cation over all subjects. This however shows, that human
behavior is individual and an identification of human noise
processes might be beneficial for human-centered control
design.

5. CONCLUSION & OUTLOOK

In this paper we present an experimental system setup
that allows a human to interact with a simulated system
which emulates the position manipulation of a large tool.
On this system, a subject study examining point-to-point

reaching movements with 13 participants is performed.
Based on the measured data, a LQS model of human
movement behavior, including stochastic noise processes,
is identified using an inverse stochastic optimal control
approach. Both the qualitative shape and magnitude of
the predicted behavior matches the measured data. This
provides a crucial basis for further work, which can use
the identified data to design more human-centered control
designs. In the next steps, identified models which predict
either individual or sub-group behavior can be used to
parametrize control concepts that explicitly consider a
subjects individual variability.
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