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Abstract

Human-robot interaction becomes an increasingly important field of research
as robots permeate our life, but how to estimate the effect that the humans
have on the system? Through the modeling of the human. Of many ways
to model the human, this thesis explores the biomechanical modeling of the
human arm.

For the biomechanical modeling of the human in general, 'black box’ ap-
proaches are usually utilized. The reductionist models exist, but they are
used to either design the ’black box’ models or to support those at the base
level. Various studies dedicated to the modeling of the human arm are sum-
marized by this thesis. There are two types of studies: ones that estimate the
human arm impedance using the spatial data and muscle activation readings
and those that map surface EMG signals of the arm to the forces generated
at the endpoint. The former approaches seem more effective.

The summarized studies received some remarks. One study in particular re-
ceived more elaborate suggestions that were put to the test in simulations.
The simulations showed promising results, providing ground for the future
research on the topic. Further suggestions were given to ensure advances in
the future works.

Keywords: human-robot interaction; human arm impedance; human model-
ing; survey; least squares estimation.






Sommario

L’interazione uomo-robot diventa un campo di ricerca sempre piu importante
poiché i robot permeano la nostra vita, ma come possibile stimare I'effetto
che gli umani hanno sul sistema? Attraverso la modellistica dell’'umano. Di
molti modi per modellare I'essere umano, questa tesi esplora la modellazione
biomeccanica del braccio umano.

Per la modellistica biomeccanica dell’essere umano in generale, vengono gen-
eralmente utilizzati approcci a ”"black box”. Esistono modelli riduzionisti,
ma vengono utilizzati per progettare i modelli "black box” o per support-
are quelli a livello base. Vari studi dedicati alla modellazione del braccio
umano sono riassunti da questa tesi. Esistono due tipi di studi: quelli che
stimano l'impedenza del braccio umano usando i dati spaziali e le letture
di attivazione muscolare e quelli che mappano i segnali EMG di superficie
del braccio alle forze generate all’endpoint. I primi approcci sembrano piu
efficaci.

Gli studi riassunti hanno ricevuto alcune osservazioni. Uno studio in parti-
colare ha ricevuto suggerimenti piu elaborati che sono stati messi alla prova
nelle simulazioni. Le simulazioni hanno mostrato risultati promettenti, for-
nendo terreno per le future ricerche sull’argomento. Sono stati dati ulteriori
suggerimenti per garantire progressi nei lavori futuri.

Parole chiave: interazione uomo-robot; impedenza del braccio umano; mod-
ellistica umana; indagine; stima dei minimi quadrati.






Introduction

Human-robot interaction is a tremendously important concept that was guid-
ing (and guided by) many fields of science. Robots are starting to partici-
pate in many aspects of human lives and nowadays they are not limited to
restricted cells at the factory anymore. The robots can work together with
an operator not only in the same room, but also on the same task. Moreover,
even people without the technical knowledge can engage with robotic systems
as users. All that calls for a careful design of the human-robot interaction.
But even though we can use modeling to predict the behavior of the robot
and the environment, how can the human be accounted for in the control
algorithms of the robot?

Currently, a complete model of the human is still an unsolved mystery. There
are just too many aspects of human, with some of them being: varying shapes
and sizes that fluctuate around the specific proportions, dynamic properties
of the human body, the effects of aging, the neural system of the human and
human behavior. While more physical aspects, such as mechanical properties
of human limbs, can be described using 'black box” approaches, the more hu-
man neural control system is involved, the more uncertainty is introduced in
the human interactions, calling for statistical or probabilistic models. Still,
approximations and ’black box’ models are still important, since they might
give insight on how the real system works and some of such models still can
be very helpful in practical applications. Such advances will surely help us
accelerate the understanding of the human nature.

However, as the research in the field has advanced, it might be difficult to
keep track of all the new technologies and methods introduced by scientists
all around the world. When many complex papers are published on the same
topic, it might be easy to miss an approach that is distinct and may inspire
a breakthrough research.



2 Introduction

Objectives and methods

The main objective of this thesis project is to ease the burden of information
gathering for the future researches. The work will be dedicated to human
modeling, with main focus on the estimation of the properties of the human
arm. Focusing only on a particular topic will help to highlight the differences
between the approaches that has been developed so far.

The objective will be accomplished by searching for the published, relevant
papers using the online search engines and reviewing them. For each study,
a brief explanation of the theoretical base will be made and the study’s con-
clusions will be provided. Then, a remark from the author of this project
will follow. The remark might vary from a short comment on the possi-
ble improvement to an elaborated proposition on the way the study could
have been improved. For some studies, the suggestions will be modeled and
showcased in simulations with help of the MATLAB software.

Thesis structure

The thesis is organized in the following manner:

Chapter 1: an overview of the digital human modeling field, starting
from the general picture and then shifting focus towards the funda-
mental knowledge behind the analysis and modeling of the neuromus-
culoskeletal structures. The purpose of this chapter is to introduce to
the reader relevant techniques and sources of information on the field
as well as serve as the main reference point for the further chapters.

Chapter 2: an overview of the specific studies dedicated to the biome-
chanical modeling of the human arm. Among the provided studies,
comparisons will be drawn and suggestions on the potential improve-
ments will be given.

Chapter 3: details and explanations of the simulations based on the
knowledge mentioned in the previous chapters that will be used to test
the suggestions that were given in the previous chapter.

Then, a discussion chapter will follow. In that chapter the impact of the
project will be reflected upon and the potential improvements will be pro-
posed.



Chapter 1

Digital human modeling: an
overview

Nowadays, the need of digital modeling and simulation of processes quickly
rises, as being able to predict the outcome of the processes lets humans avoid
unnecessary damages or costs and can give them an insight on how to pick
the right action. Because humans often play active roles in said processes
and influence their outcome, it becomes clear that it is also important to
use simulations that take humans into account. Thus, the conglomeration
of knowledge on how to create a useful digital representation of the human
and use it in a relevant simulation is what can be called the field of digital
human modeling.

Digital human modeling is a young and a very broad field that is adjacent to
many fields of science. The abundance of ways to model a human calls for
a categorization, which, of course, cannot be absolute. Nevertheless, human
modeling can be represented by the five categories [5].

e Anthropometric models are focused on representing the sizes and
shapes of a human body and it’s motion. Mainly used to design
workspaces with an emphasis on used space and reachability of the
workspace functions.

e Models for production design are less detailed than anthropometric
models and focus on human motion and behaviour with relation to a
working process or their workstation. These models can be used to
inspect the ergonomics of a workspace or to consider factory planning.

e Biomechanical models represent human body as a mechanical sys-
tem and compute it’s dynamic behaviour. They can be used to consider
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ergonomics, safety or to simulate any mechanical interaction between
human and a relevant structure.

e Anatomical models focus on anatomy of a human body and what
contains within it’s volumes. The models can be used for surgery plan-
ning, injury simulation or motion capture.

e Cognitive models simulate the information flow between sensory or-
gans of a human and their actuators. Simulating the behaviour of the
human has many applications where human performance or human
factor are important.

An approach to modeling can be defined by how much information is put
into a model structure and it’s parameters.

Because of the abundance of approaches to modeling, let’s define their range
by explaining the two distinctive extremities: a ‘black box’ approach [6]
versus an ‘a priori’ or a reductionist approach [7, §].

This project will mainly consider the biomechanical modeling and provide
relevant examples from the field. The goal of this chapter is to provide the
theoretical basis of the field in question. This information will be used in the
following chapters.

1.1 ‘Black box’ modeling

In a ‘black box” modeling approach, a system is considered a transformation
between the input and the output data and modeled as such. This formula-
tion coincides with a general definition of system identification — the process
of building mathematical models of systems based on measurements of their
inputs and outputs. To create a ‘black box’ model means to solve a sys-
tem identification problem, which can be illustrated by a Figure [I.1.1 The
solution of such a problem can be decomposed into the following steps:

e Choose an objective. Considering the diagram in Figure [1.1.1] the
objective can be to identify the:

e Deterministic model: P, a relationship between u(t) and z(t),
assuming that the noise signal wi () is zero. It is chosen when it
is necessary to understand the function of the system.

e Noise model: F,, a relationship between the output and a noise
model Wy(t), given observations of the output. It is chosen when
the inputs cannot be measured.
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vu(®)

u(t), Measured Input

Figure 1.1.1: Schematic diagram of the system identification context

e (Complete model: both P and F),, to generate accurate predictions
of the outputs.

Choose the structure. While the ‘black box’ approach requires less
a priori information to setup the model, it is still necessary to make
assumptions and select an internal form of a black box. These options
will be discussed in the following sections.

Design the inputs. Input design is essential for getting as much
information from the system as possible and it will determine the ca-
pabilities of the model to predict outputs correctly.

Estimate the parameters. With structure selected and data ob-
tained, a fitting algorithm will be executed. A suitable identification
algorithm must be able to tackle the computational complexity of the
model and converge to a solution using the obtained amount of input-
output data.

Model validation. An identified model must be able to predict well
the input-output relations of the different input scenarios for the origi-
nal system and, hopefully, input-output relations of the similar systems.
The model is unusable if it can only predict the behaviour in scenarios
that were used to identify the model.

When an objective is chosen, it is necessary to select a structure to be identi-
fied. Approaches to the identification can be divided into two groups: “para-
metric” and “non-parametric”.
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1.1.1 Parametric models

A parametric approach is defined by analytic expressions with a rela-
tively small amount of parameters. This approach is typically represented
by a discrete, weighted relation between measured inputs and outputs. These
relations can be linear (e.g Output Error OE, Moving Average MA, Autore-
gressive AR, ARMA(-X) models) or nonlinear (NARMAX model) [9].

Such models were used to study EMG signals [I0], which is an essential part
of muscle activation detection and estimation of various parameters of hu-
man limbs. Considering that the recordings of EMG signals can be noisy,
such models can be very relevant for EMG signal processing as well.

A major advantage of parametric methods is their flexibility in incorporating
highly nonlinear and non-stationary behaviour.

Disadvantages of these methods are: a necessity to establish a structure of a
model a priori and large errors if the structure was chosen poorly; the results
are discrete.

These properties make this approach suitable when it is possible to choose
the right structure a priori, when discrete results are allowed or when the
complexity of computations is important.

1.1.2 Non-parametric models

A non-parametric approach is to choose a generic model structure with
a relatively high amount of parameters. The non-parametric relations take
variety of forms.

The advantages of using the non-parametric modeling are: only a few a pri-
ori assumptions needed (e.g linearity, stationarity, etc), these assumptions
can be verified experimentally; a possibility of providing the results directly
in continuous time; relative straightforwardness between parameter variance
and input selection [I1]; possibility of providing an insight into system’s or-
der or structure.

The main disadvantage of this approach is the amount of parameters that is
needed to fit model outputs to measured outputs. This can make computa-
tions more difficult (important for real-time algorithms) or make it harder to
understand the contribution of a specific parameter.

This approach is suitable for a situation when little is known about the sys-
tem to be identified, computational complexity is not important or all that
matters is the input-output relation, with no need of considering the actual
mechanisms of the modeled phenomenon.
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Quasi-static linear models

Quasi-static linear models can be used when it is possible to assume that
the modeled system behaves linearly about a constant operating point. For
example, a second-order model of form:

2
ddqt(f) + B2 + K (Da(t) (1.1.1)
has been found to predict the joint torque in a neuromuscular system, T'Q(t),
given by small perturbations of joint position, ¢(t). The model is quasi-linear
because the inertial (1), viscous (B) and elastic (K) parameters vary signif-
icantly with operating point [I1]. These models can give an insight into
system properties and it is even easier for linear systems, where it is common
to use Bode plots or other engineering techniques for analysis.

A model described in Section can be an example of a quasi-static lin-
ear modeling. Even though in the example the operation point [ would also
depend on time (being exactly ¢(t)), in practice, during linear online estima-
tion of the parameters as Section shows, the model’s behavior is exactly
quasi-static between the two consecutive estimations. Any linearization like
this would fit this approach.

TQW) = () dat?)

Time-varying models

Time-varying models can extend the case of the quasi-linear modeling by
introducing a reference trajectory. A nonlinear system is thus approximated
by the linearization around the sequence of operating points. The main ad-
vantage of this approach is that important quantities, such as joint stiffness
of reflex EMG@G, can be characterized with high accuracy and temporal res-
olution. However, as for the disadvantage, the resulting description will be
valid only for a tested trajectory and will be difficult to generalize.

Nonlinear models

Some systems can be represented as a series of a dynamic linear (L) part and
a static nonlinear (N) part. Simple models of this type include the Wiener
(LN), the Hammerstein (NL) and the sandwich (LNL) model. More general
dynamic nonlinear systems can be described by functional expansions, such
as Volterra and Wiener series. Functional expansion methods potentially
have the ability to describe systems of any complexity, but they are rarely
used because of their computational difficulty, requirement of white inputs
and sensitivity to measurement noises. Dynamic nonlinear systems can also
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be modeled as a finite number of parallel LNL cascades or Wiener systems.
For example, the paper “EMG-force modeling using parallel cascade identifi-
cation” [12] described a process of mapping the EMG measurements to the
force, induced at the wrist of the human arm. The study claimed a solid
44% of improvement in force prediction over a Hill-based model (for details,
Subsection [1.2.2)), which comments on how flexible the approach is.

1.1.3 Challenges

Input design is extremely important for system identification goals, as abil-
ity of identifying or validating a model largely determined by input’s prop-
erties.

For linear systems, the identification requires that the input signal must be
persistently exciting and must excite all modes of the system. In reality,
such an input is rarely allowable and, therefore, there will be a trade-off in
the identification quality. Parametric models have an ability to use less rich
inputs, given that the model structure has good compatibility with the real
system. For nonlinear systems, the design is more difficult, because the out-
puts can be influenced by more than just input’s frequency.

Appropriate inputs will surely be limited to a certain frequency range. For
that reason, the resulting model will also be limited as well. Such limitations
can make these models impossible to use as submodels, as they may be in-
compatible with other parts of the model.

Another challenge of using a ‘black box’ approach is dealing with noise.
Measurement or other noise components influence both input and output
signals and will produce an identification error due to the additional system
excitement or interfere with the identification algorithm’s work. While fil-
tering can help to reduce the noise, it will affect the signal amplitude, which
can also be important in case of nonlinear systems.

The presence of the feedback loop in the system is likely to complicate
the identification of the open loop system. If it is impossible to introduce
a perturbation within the loop, a ‘black box’ approach will yield a model
that describes an overall closed loop system. In case of the neuromuscular
applications with alive actors it is very important, since the mechanisms of
neural feedback are complex, especially in humans.

For the same reason, an application field, in which model identification is
used, can also add difficulty to the procedure. A field will certainly impose
constraints on input design and ability to measure signals. For example, in
case of modeling of a human arm, the input properties are limited by risks of
injury and fatigue and some properties — like muscle contraction — cannot
be measured directly.
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1.2 Reductionist modeling

The idea of reductionism in modeling (also known as structural modeling or
‘a priori’ modeling) is to reduce a complex system into smaller components,
related to prior knowledge (e.g Newtonian physics) and create a complete
system model out of these components. Even though simplifications are the
core of this approach, the resulting models can become complex enough to
describe real systems through combination of individually produced submod-
els.

The main advantage of structural modeling is that the model itself bears a
certain amount of knowledge, which allows for interpretation of how particu-
lar internal variables and parameters can be related to the properties of the
model. It is often the case that a structural model is derived from a black
box model.

As for the disadvantages, these models can have many parameters, dis-
tributed among numerous submodels, and it might be impossible to identify
specific parameters from input-output data of the complete system. This can
be countered by performing reductionist experiments, where the behaviour
of a subsystem is isolated, when possible. Several modeling steps can be
mentioned when the reductionist approach is chosen:

e Choosing model complexity. How simplified or isolated a model
should be? For example, when modeling a limb, muscles can be lumped
into groups. Instead, they can be treated as fibers or even be modeled
on a cellular level. It is also often impractical to model structures that
do not contribute to a studied behaviour, but neglecting parts of the
studied system should be done carefully, especially in the neuromuscu-
lar case, where the internal mechanisms can be subtly interconnected.
Neglecting contributing mechanisms would at least introduce errors, if
not draw the model unusable.

e Choosing model structure. The bottom ‘layer’ of the structured
model is likely to be a simplification of the actual system’s component.
What is built upon this ‘layer’ and how simplified it is will determine
how much information is put inside the model and how difficult the
next step is going to be. It is important to remember that the more
information is put into the model, the more likely it is to make a wrong
assumption about the real structure of a system.



10 CHAPTER 1. DIGITAL HUMAN MODELING: AN OVERVIEW

e Parameter estimation. This step is similar to the one described for
a ‘black box’ approach. What is different, however, is the potential
ability to estimate the parameters in chunks by isolating behaviours of
the subsystem from each other.

e Sensitivity analysis. This step is important to check if the model

parameters are relevant to the studied behaviour. For example, the
Fourier series expansion can approximate periodic functions, with each
new term adding to the accuracy of the approximation. Sensitivity
analysis can help to understand when one can stop adding new terms
— or which terms (and their parameters) can be neglected.
The sensitivity is the measure of the change in the system output (or
in the parameter estimation objective function), produced by a change
in parameter value(-s). A normalized sensitivity can be computed as
follows [7]:

Sp = [ATY/%] -100%, (1.2.1)

where Sp is the normalized sensitivity to changes in parameter P and Y
is the output. The sensitivity can be computed analytically for models
with explicit analytical forms, but if the model is based on numerical
methods, the sensitivity must be estimated from simulations. High
sensitivity means that the parameter in question must be estimated as
accurately as possible. A very low sensitivity shows that the param-
eter can be removed from the model with little consequence. In case
of nonlinear models, the sensitivity is not constant and must be tested
under the full range of operating conditions.

e Model validation. Ideally, a model based on a small set of data must
be able to predict behaviour under a wide range of conditions. If model
fails to predict outputs in validation data sets, there are several possi-
bilities for problems. The first possibility is that the scope of the model
was chosen incorrectly and some important independent variables were
neglected (Step 1). The second possibility is that the model structure
is incorrect, likely being a result of overfitting (Step 2). The third
possibility is poor parameter estimation due to poorly designed inputs

(Step 3).

Let’s consider general models and approaches in the field of neuromuscoloskele-
tal modeling to demonstrate the reductionist approach and keep it closer to
the topic of the project.
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Figure 1.2.1: Neuromuscoloskeletal interaction diagram [I]

1.2.1 The skeletal system

The skeletal system refers to the skeleton itself. It is composed of bones (rel-
atively rigid bodies, segments or body segments), that are connected to each
other via articulations or joints with help of soft tissues, such as cartilage.
The configuration of a skeletal system determines the kinematics of a human
body.

Let’s see how kinematics of a skeletal system can be modeled, using the
human arm as an example.

Skeletal kinematics

A human arm can be modeled in the Denavit-Hartenberg convention.
The implementation of the arm on the Figure [1.2.2| was derived from the
OpenSim “Stanford VA upper limb model” [13] with some changes [14]. It’s
parameters are presented in Table [I.1 Certain parameters were named in
form of lenzgd";b(’l, which means the value of measurement of body in symbol-
direction. The default values can be acquired from the referenced OpenSim
model. For symbols 4/, a, d the values are provided in parentheses on the
Figure [[.2.2]

Alternatively, the arm kinematics can be represented by a Generalized
Human Arm Triangle model [I4]. The purpose of this model was to
improve the computational efficiency of the Stanford model, so it can be
used for real-time applications and it was proven to be only slightly less
accurate than the original numerical OpenSim IK solver. The approach is
shown on Figure [1.2.3] The parameters:
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Figure 1.2.2: D-H model of a human arm

O;an(°) di(m) a;-1(m) a;i-1(°)

90.0 0.00 0.00 0.0
0 0.00 0.00 0.0
0, 0.00 0.00 90.0
05 — 6 — 90.0 —lent,, 0.00 -90.0

6, + 180.0 lengine = leNirumerus —lenfymerus  -90.0
05 —124.2  —len?,,, — lent, . — len% o - 0.00 -90.0
06 + 101.3 —len%  tine len%Gadius 97.8

6;/2+ 13.7 0.00 -0.08 -90.0

Table 1.1: D-H Parameters of human right arm kinematic model
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r: unit direction vector of the upper arm;

l: unit normal vector of the generalized human arm triangle plane. The
direction of [ is determined by the right-hand rule, and the right-hand
screw direction is the direction of elbow extension;

a: angle between the upper arm and the lower arm;
f: unit direction vector of the fingers;

p: unit normal vector of the plane of the palm. Its direction points out-
ward from the palm.

The direction of
the lower arm link

perpendicul

) ) arm triangle plane
The direction of

the upper arm link

Figure 1.2.3: Triangle model of a human arm

Despite being defined by five variables, the number of independent vari-
ables is actually seven due to the normalization constraints of the four unit
vectors and the perpendicular relationships between two pairs of vectors, r
vs 1 and f vs p. Therefore, this representation is complete and the authors
of the original work were able to express all seven joint coordinates of the
arm configuration.

Skeletal dynamics

Considering the skeletal dynamics, it is possible to assume that skeletal sys-
tem consists of rigid bodies connected by joints with certain degrees of free-
dom [I]. Dynamics of such a system can be modeled by methods that were
developed for the modeling of robot manipulators:

M(0)6 +C(6,0) +G(0) =T, (1.2.2)

where ¢ is the movement in joint coordinate system, M () is the mass
matrix, C'(6,6) is the Coriolis and centripetal terms, G is the gravity term
and T is the torque resulting from the external forces and moments.
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The skeletal system does not move by itself, but rather plays the role of
a supporting structure for the muscles that generate necessary forces and
torques to produce movement. That interaction couples the skeletal system
with the muscle components which, besides generation of motion, have their
own mass and other properties that cannot be neglected when considering
the dynamics of such a system.

1.2.2 Muscle components

\

\

\ Straight Line Straight Line
\ Muscle Path Muscle Forces

“h

Correct Correct Muscle
Muscle Path Forces

Figure 1.2.4: Muscle paths example [I]

Muscles are the source of motion. Muscles can only contract, so normally

they work in pairs to be able to move limbs in opposite directions. The way
a muscle is connected to a bone is described by a muscle path. The muscle
path determines the direction of the forces when the muscle contracts and
the muscle’s length, which is related to how much force a muscle can exercise.
For example, a Figure [I.2.4 shows the difference in generated forces and mus-
cle lengths between a correct muscle path and a simplification - a modeler
should be aware of this, since muscle paths’ length is crucial for the compu-
tation of musculoskeletal dynamics.
To compute forces generated by a muscle contraction, it is necessary to have
a model of such relationship. Several models were created, with Hill’s model
(and it’s derivatives) being more popular and with the Huxley model being
an alternative.
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CE
contractile : SE ;
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paralle} elastic 0 20 40 60 80
element Load (g)
(a) Model structure (b) Force-velocity curve [15]

Figure 1.2.5: Muscle model representation

Hill/Hill-based muscle models

In the three-element Hill model, a muscle is represented by a combination
of two nonlinear spring elements and one contractile element. The most
common depiction of the Hill muscle model is shown on a Figure [1.2.5a]
but in some cases the SE element goes in series with a parallel conection of
CE and PE elements. In the original Hill’s model, the muscle contraction
velocity and the load are related by the following equation [16]:

(v+b)(F+a)=bFy+a), (1.2.3)

where v is the velocity of contraction, F' is the load, a is the coefficient of
shortening heat, b = ;—g, where vg is the contraction speed at no load and Fj
is the maximum isometric tension. The resulting relation is hyperbolic and
is shown on Figure [I.2.5b
In Hill-based contractile element models, this relation extended to a following
one [7]
F
7=
In this equation the normalized force is related to the length-tension prop-
erty of a muscle, LT(l,,), to the force-velocity property, F'V(l,,) and to the
dynamics of muscle activation by neural inputs, A(u). As seen from the
equation, the force is proportional to the activation level of a muscle. Even
though the actual neural inputs are difficult to measure, it is possible to use
surface electromyography to estimate the level of activation - more details
will be given in one of the following subsections.
It is important to note that Hill’s model was derived from a ‘black box’
model and is essentially a curve fit. For that reason this model is suitable

A(uw) - LT (1) - FV (1) (1.2.4)
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to simulate a muscle mathematically, but does not consider the underlying
mechanisms and might be unsuitable for some conditions under which it has
not been tested.

Huxley/Zahalak muscle models

attachment attachment attachment
not possible possible not possible
thick filament | —» Towards Z-dsc
(end of sarcomere)
L
2 crossbridge
Ly i K
at attachment — L atler
rotation
Towards M-line —e— [ I 1 I_ thin

(center of sarcomere) filament

active sites f‘ f

Figure 1.2.6: Schematic of actions of muscle cross-bridge

In contrast to Hill’s model, a model for the underlying mechanism behind
muscle force generation was proposed by Huxley in 1957 [I7]. The proposed
muscle model, also known as Sliding-Filament Biophysical model, considered
the interaction between two muscle proteins, actin and myosin, that are
arranged in a regular pattern in the basic unit of muscle contraction, the
sarcomere, as seen on Figure m [18]. Sarcomeres are arranged in series to
form myofibrils, which are arranged in parallel to form muscle cells or fibers,
which in turn are arranged in parallel to form the bulk of the whole muscle.
In the model, the internal mechanics of sarcomeres were described, as well
as the overall length-tension and force-velocity relationships.

This approach has been advanced by Zahalak, who has developed a structural
model describing excitation-contraction coupling and contraction dynamics
[19]. By assuming a Gaussian distribution for the actin-myosin bond lengths,
the new model allowed for computation of the macroscopic properties of the
muscle by numerically solving ordinary differential equations, rather than
partial differential equations.

However, the largest component that Zahalak model can describe is a motor
unit, with basic model being a fifth order. Because a complete muscle has
many motor units, such an approach would still be computationally heavy,
although more detailed and accurate [20)].

1.2.3 Neural components

Even though neural components are out of scope of this project, it is im-
portant to briefly describe the neural mechanisms, since muscle activation
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is the result of neural system’s work. For example, muscle activation level
uses neural signals as inputs, as can be seen in a Hill-based muscle model de-
scribed previously. Moreover, the neural system provides feedback loops for
the neuromusculoskeletal system which cannot be completely ignored, since
a feedback loop is a certain obstacle for the identification procedures.

Motor unit

100

—o— Biceps (N=61)
—t— Deltoid (N = 76)
80 - | —o— FDI(N =43)

60 -

40

Normalized myoelectric signal
(RMS amplitude)

20 -

80

Force
(% of maximal voluntary contraction)

Figure 1.2.7: Effects of muscle on SEMG signal-force relationship [2]

Mentioned previously, a motor unit is a basic level of nervous system orga-
nization of the muscle, consists of the lower motor neuron, it’s axon and the
muscle fibers it innervates. Amount of muscles fibers per motor unit varies
greatly in the human body, with lower fiber-per-unit ratios being good for
fine motor tasks (e.g 3 to 1 ratio in the extraocular muscles) and with higher
ratios being good for strength production (e.g 2000 to 1 in a gastrocnemius
muscle of the leg) [3].

When a motor unit is about to be activated, the ionic barrier of the muscle
tissue breaks down and the signal is sent throughout the entire system in
both directions from the motor end plate to the tendinous attachments at
both ends. This creates the motor unit action potential (MUAP) and the
muscle contracts.

This behaviour provides a basis for the electromyography (EMG). Because
it is problematic to measure the generated potentials directly from the mus-
cle fibers, surface electromyography (SEMG) is usually adopted to measure
it extracellularly. The potential generated within muscles has amplitude of
millivolts and, due to the electrical impedance of fat and skin, reaches the
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surface of the skin with an amplitude of microvolts. As the exertional de-
mands increase, the firing rate of motor units increase in the range from 8
to 50 Hz, which results in higher SEMG readings. As shown on Figure [1.2.7],
Force has roughly linear relationship with the myoelectric signal (F'DI - first
dorsal interrosseous muscle. N - average number of isometric contractions
for each muscle group).

Nervous system

Cerebral cortex

Motor areas
I— Limbic j

Thalamus Basal
ganglia

Brainstem Cerebellum

—

| Emotions

Spinal cord p—a Movement
Posture
Sensory input of movement Sensory

receptors

Figure 1.2.8: A highly schematized flow diagram of the hierarchical and
parallel aspects of the motor system [3]

As can be seen on Figure [1.2.8] the nervous system is quite complex. For
the movement, it means that it is possible to differentiate between voluntary
and non-voluntary (reflex) movements (muscle co-contractions). Both can be
characterized by the reaction times, which introduce delays to the feedback
system: from 150 to 200 ms for voluntary and from 30, ms for primary reflexes
to 100-200, ms for secondary or postural reflexes. [21, 22| 23]

1.2.4 Challenges

Because, at some point, structural models require identification, this ap-
proach shares some of it’s challenges with the ‘black box” approach. Namely,
input design is still very important and picking the right model structure
basically defines the reductionist approach.

However, there is another challenge that is more relevant to the reductionist
approach - it is the current amount of knowledge about the modeled
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system. A good example of this is the comparison between Hill and Huxley
models. Hill model uses the results from the ‘black box’ modeling and is
certainly a simplification of a real system. As the knowledge about muscle
structure grew, the Huxley model appeared. Structural modeling uses fun-
damental knowledge, but as time goes on, fundamentals get reevaluated and
extended. This means that paths to structural modeling are discovered as
the science advances.

1.3 Conclusions

In this chapter, a brief overview of the digital human modeling field was
provided. ‘Black box” and reductionist approaches were explained, with some
of their methods and facts being described in detail and others being only
mentioned. This information will help to explain phenomena that is going
to be considered or utilized in the following chapters.
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Chapter 2

Modeling of human arm
dynamics

This chapter will reference and explain a number of studies concerning the
modeling of the human arm dynamics. These studies will be briefly described,
commented on and then compared, to provide a detailed and diverse picture
of the current state of the art.

2.1 Reduced-complexity model

In the paper “Reduced-complexity representation of the human arm active
endpoint stiffness for supervisory control of remote manipulation” [24], A.
Ajoudani presented an approach to modeling of the human arm impedance
with focus on the arm endpoint stiffness, optimized for the real-time stiffness
prediction.

The model was based on Hill’s muscoloskeletal model and the contractile
element was considered dominant under the assumption that during motions
the musculotendon unit is not fully stretched. In this case the relation be-
tween the joint stiffness (K;) and the active muscle stiffness (K,,) would
be:

Ki(p,q) = J5(0) K (p) Jm(q), (2.1.1)

where p is the muscle activity, ¢ is the joint angle vector, 7 and J,, are
the transpose operator and the muscle Jacobian.
The muscle Jacobian is a transformation relating musculotendon length changes

21
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to the joint angle variations:

oh(g) 90h(g) dI1(q)
oq 0q2 Oqn
ol(q) Ol . . 0Ol2(q)
Jm — 0q1 0q2 Ogn (2 1 2)
Om(q) 9Im(q) m(q)
o 0q2 9qn

This relation was used under assumption that there were no torques at the
arm joints. Since eight dominant muscles were considered, K,, € R®8. To
map muscle stiffness to the arm model with seven joint coordinates, the
muscle Jacobian would be J,, € R¥*7. To compute the Cartesian stiffness,
the following relation was used:

K.(p,q) = I (9)[Ks(p.q) — Gs(0)] T (q), (2.1.3)

where J* = KleT(JKleT)_1 is the pseudo-inverse of the arm Jacobian
and G;(q) is the term accounting for external and gravity forces. During
experiments the external forces were zero and the gravity was neglected, thus
making the term irrelevant for the study. To track the joint coordinates, the
Generalized Human Arm Triangle [14] model was chosen, that is shown on
Figure [1.2.3] and was described in the previous chapter. Using the retrieved
joint coordinate values, muscle lengths were computed with parameters taken
from the “Stanford VA Upper Limb Model” [13].
The estimated muscle stiffness was modeled as K,, = aee(p)Ks, with K
being a diagonal [25] matrix of muscle contributions to the stiffness and a..(p)
being a scalar, time-varying function of the muscular activities, which were
measured using the SEMG method. The only muscles that were measured
were the biceps brachii (Pp) and the triceps brachii (Pr), thus:

ace(p) = 1+ c2(Pp + Pr) (2.1.4)
The identification of the proposed model was done in multiple steps:

1. The forces and the positions of the arm endpoint were recorded and
translated into the frequency domain.

2. The relation between inputs and outputs was modeled as a linear non-
parametric black box, a MIMO transfer function:

Ey ()| = |Gu(f) Gy(f) Gu(f)| |y(f) (2.1.5)
Fz(f) Gz:r(f) GZ?J(f) Gzz(f) Z(f)
Gij(s) = I.,.8* + Be, s + K,

Cij Cij Cij»
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where G;;(s) is a SISO transfer function and /., B. and K. denote the
endpoint inertia, viscosity and stiffness matrices, respectively. Because
the study focused on stiffness, inertia and viscosity parameters were
unused.

3. The proposed model was fit to the obtained model by minimizing the
Frobenius norm:

[T (@) ace(p) K Tn(q) = T (@) Eelp, 0) T ()] (2.1.6)

with J € R®*7 and K. € R3*3, since only the translational movements
were considered. Once fit, the model was ready to be used for real-time
stiffness prediction. The model fit was reported to have an average error
of approximately 12%.

The teleimpedance control experiments showed a successful application of
described model to the stiffness modulation for the drilling operation. The
study suggested that, considering the stiffness ellipsoid, the muscle activa-
tion was mostly contributing to it’s volume and the arm configuration was
defining it’s orientation.

It’s important to note that this study was soon extended by authors in the
paper “Online Model Based FEstimation of Complete Joint Stiffness of Hu-
man Arm” [26]. While the model used for the estimation was the same as
in the Equation with K,, being defined in the same way, the estima-
tion of the MIMO system was replaced by the estimation of the human arm
joint stiffness K ; through the means of the nullspace compliance. After the
K ; was estimated with a new method, the authors proceeded to estimating
the unknowns of the same K, expression through the Frobenius norm. The
algorithm remained to be a two-step algorithm, but the authors adapted the
second step to be available for the online use.

To summarize, the core proposal of this study is to model human arm’s stiff-
ness as a combination of the constant muscle contribution matrix K, related
only to the muscle fibers properties, and the varying function a.., related only
to the muscle activation levels. With that, influence of posture on the stiff-
ness is accounted for with muscle Jacobian J,,, computed by a private and
elaborate OpenSim model of the human arm.

While the model proved to be efficient enough for the real-time control appli-
cations, the chosen equipment was quite sophisticated, as using both EMG
measuring and motion capture devices might not be convenient for some
practical applications.
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2.2 Nonlinear, simplified model

A different approach to model the human arm impedance was used in the
paper “Ensuring safety in hands-on control through stability analysis of the
human-robot interaction” [27]. The following assumptions were used:

e The hand performs only translational planar motions (for simplicity of
the analysis)

e The human arm mechanical impedance in the motion plane can be
decomposed into two contributions, along the x and y directions

e The human arm impedance is isotropic

The considered model was:

Fi(qn,t) = Mp(qn,t)Gn + Dr(qn, t)dp + Kn(qn, t)Agy, (2.2.1)

where Fj, was the force exerted by the human arm at the hand frame in
the x and y directions, My, Dj and K}, — the time-varying and configuration
dependent equivalent mass, damping and stiffness matrices related to the z
and y directions respectively, and ¢, = [x y]T in the human shoulder frame.
Then the inertial component was neglected due to low accelerations of the
task, the damping matrix would be set:

Ozz/ K 't 0
Di(gn ) = [ e (00, 1) (2.2.2)

0 5yy\/ Khyy (an t)

The stiffness was proposed to be of the following form:

Kh(qha t) - Kpost(Qha t) + Kcont(t)

Kcont(t) = Kcont(j(t - T) (223)

)
Kpost(qm t) - bl |:y2(t . 7_) + b2qh<t - T) + b3>

where K, is the postural stiffness, K.y, is the stiffness component re-
lated to the co-contraction of muscles with Ky being the maximum co-
contraction stiffness value, o : R — [0,1] is a nominalized muscular co-
contraction index, and 7 is a delay accounting for involuntary reaction time.
In the study, two sets of stiffness parameters were estimated, one set from
a motion along each axis; then the produced models are appropriately com-
bined to account for a free planar motion. The further developments [28§]
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proposed a more complex model for the stiffness components:

ko'zcv 0
Kcont(t) - |: 0 kcr :|U(t)
K (gt 0
Kpost(qh,t):[ hm(()Qh ) . (qh,t)} (2.2.4)

kg K
Kh** (Qhat) - k*o + [k*l k*z] Qh _I_ quz1 |:k ? k, 4:| Qh

*q TVk5

where * can stand for z or y.

ydes

Xdes

Xdes

Figure 2.2.1: Postural component of the model

To summarize, the study proposed a way to model the overall impedance
of the human arm directly in Cartesian space as a second order (counting
inertial component) dynamic system. The postural component of the human
arm impedance can be represented as a set of virtual spring-and-damper
systems, as shown in the Figure 2.2.1] In the figure, values of stiffness and
damping change as ¢, changes and Gges = [Tes; Yaes] represents the desired
position of the endpoint of the arm, which is chosen by human’s neural con-
trol system. Because @05 is not measurable, to perturb the system it is
necessary to exploit human reaction times and make assumptions about the
behavior of g4 during a perturbation be able to compute Agy,.
Additionally, tracking of muscle activation can be employed. In the study,
this was exactly the case, as parameters of the co-contraction stiffness com-
ponent were identified beforehand and then used to adjust the recorded force
values. Then, the rest of the parameters were identified via the least squares
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method.

The described approach is relatively simple, because it works directly in
Cartesian coordinates and does not require to track the configuration of
the arm except for it’s endpoint. However, because it essentially provides
a position-to-stiffness map, the traversed area used for model parameters
estimation can be described as quite modest.

2.2.1 Remark on endpoint rotational stiffness

From the Figure 2.2.1 one may wonder if it is possible to attach a virtual
rotational spring-and-damper system to the human arm endpoint in order to
account for the rotational movement and moments. The answer depends on
how the endpoint rotation is defined. As the arm endpoint is chosen roughly
at the position of the hand, it can be considered sensible to define the end-
point rotation as the orientation of the hand. With the proper equipment,
it is possible to record the moments that were provides by a perturbed hand
and thus establish a relationship between the time histories of hand rota-
tion and reaction moments, putting more information into the model and,
hopefully, to reduce errors due to the neglected interactions.

Figure 2.2.2: Human arm triangle

In the study, a special armband was used to lock the rotation of the wrist.
In that regard, a human arm can be represented as a 2-link manipulator,
as shown in the Figure 2.2.2] In the figure, points S, E and H represent
the position of the Shoulder, Elbow and Hand respectively. As the wrist is
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locked, it’s orientation would coincide with the orientation of the forearm,
which would be the angle v. Knowing the position of the hand and the
elbow, it is trivial to find the angle.

Y = atan2(yg — Yg, Ty — Tg), (2.2.5)

where atan2(y,z) represents a function that properly handles the compu-
tation of the angle between the direction to a point with coordinates x and
y and the z axis, resulting in angle ¢ € [—7, 7].
It is still possible, however, if only position of the hand in the shoulder frame
is known. From just zy and yy, p and 6 are known (for details, look in
Subsection . The lower arm and the upper arm lengths | and u vary
from human to human, but can be measured.

y=m—0-6 (2.2.6)
212 2
) = arccos (p—;p—lu) (2.2.7)
Y=m—7
=640 (2.2.8)
2 72,2
= arccos (,O—I—l—u> +0
2p -1

The expression for 1) can get simpler if additional knowledge is used -
such as knowledge on human proportions. In the simplified case, if lengths
of lower and upper arm are considered equal, the expression for 1) becomes:

Y = 0 + arccos (%) (2.2.9)

Because human shoulder, elbow and hand provide three points to con-
struct a plane, these considerations would be true in 3D as well. The similar
approach used to compute arm kinematics was shown in Figure when
the Generalized Human Arm Triangle was mentioned.

After the orientation of the endpoint is computed, it is possible to introduce
a model similar to Equation [2.2.1] but for the appropriate moment:

My,(4,t) = Dyog, (0, )0 4 Koo, (00, 1) A1) (2.2.10)

2.2.2 Remark on polar coordinates

The described model is defined in the Cartesian space. As seen in Subsection
2.2.1], knowing the distance to the endpoint and the direction has proven use-
ful. Moreover, the relations between the Cartesian position in the shoulder
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frame and the forces may seem unnatural. In case of the polar coordinates
formulated in the shoulder frame, a radius p, a distance to the arm endpoint,
would relate to a radial force, which can describe such natural working op-
erations as pushing or pulling. An angular coordinate, 6, would relate to a
moment that an arm can enforce to stop the endpoint from moving sideways.
It can also be useful to see if a linear model of the similar structure that was
described in Section [2.2| would be simpler or more accurate.

Let’s consider a following model:

Fpol(onla t) - Dpol(onh t)%;ol + Kpol(onla t)Aonl (2211>
T T
G = [p 0], Fpu=[F, M|

To transform the data from Cartesian coordinates to polar, the following

equations can be used:
p=1/zi+y} (2.2.12)

0 = atan2(yp, xp), (2.2.13)

where 6 € [—m,7]. To compute the perturbations in polar coordinates,
a motion without perturbations can be computed in Cartesian coordinates,
then transformed to the polar coordinates as shown above and then sub-
tracted from the g,, motion.
To compute proper outputs, first an amplitude and an angle of the force vec-
tor ¢ can be obtained. Then the radial and tangential components of force
are computed for the given angle #. Finally, the moment is computed for the

given p:
_ /2 2
|Fh| - th "’th

¢ = atan2(Fy,, Fy,)

b=0-0
F, = |Fp| - cos(v) (2.2.14)
M = |Fy| - p-sin(y) (2.2.15)

Whether such representation will prove to be practical or not, there is an
important point to be made: while the raw recorded data is always processed,
sometimes it is possible to extract even more information and use it to either
complicate the model or to gain more insight.
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2.3 EMG-driven ’black box’ approach

In the thesis “EMG-driven Human Modelling to Enhance Human-Robot In-
teraction [29], several system identification techniques were tested and com-
pared with each other. Namely, the utilized techniques were: Linear Time-
Invariant (LTT) modeling, Linear Parameter Varying (LPV) modeling in both
Local Identification Framework (LIF) and Global Identification Framework
(GIF), and nonlinear Hammerstein modeling.

The study considered the EMG-Force relation. The inputs were the pro-
cessed surface EMG signals, measured from the muscles of the right arm:
the biceps brachii, triceps brachii, flexor carpi radialis and brachioradialis.
The output was the absolute value of the force, that was recorded by a 6-DoF
force sensor, mounted on the KUKA robot manipulator. Only the rotation
of the elbow joint was considered.

The Linear Time-Inveriant model was defined as following:

x(k+1) = Az(k) + Bu(k) (2.3.1)
y(k) = Cx(k) + Du(k)

A family of LTT models was derived for a set of elbow joint angles ¢(k).
The Linear Parameter Varying model was defined like this:

z(k +1) = A(q)xz(k) + B(q)u(k) (2.3.2)
y(k) = Clq)z(k),
where matrices A,B and C' were defined as affine functions:

A(q(k)) = Ao + Aig(k)
B(q(k)) = Bo + Big(k) (2.3.3)
C(q(k)) = Co + Chg(k)

LIF-LPV models were derived from sets of LTI models. On the contrary,
GIF-LPV models were obtained using the MATLAB’s Prediction-Based Sub-
space Identification (PBSID) toolbox [30] and the LPVcore toolbox [31].
Finally, the Hammerstein model was identified via MATLAB’s System Iden-
tification Toolbox function nlhw. [32]

In conclusion, the author suggested using LTI modeling or GIF-LPV mod-
eling to accurately estimate the EMG-Force relations, with Hammerstein
model being the most accurate (but not control-oriented) and LIF-LPV be-
ing the least accurate.

Overall, the study provided a very detailed information on different estima-
tion methods of the EMG-Force relations and it’s validation. However, the
study was not concerned with how the force vector is aligned in space, which
can be crucial for the practical applications.
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2.4 EMG-driven genetic model

The study “sEMG-based Endpoint Stiffness Estimation of Human Arm using
Gene Expression Programming” [33] the authors used an evolutionary algo-
rithm to model the relationship between surface EMG measurements and
stiffness of the human arm.
In order to do that, first the impedance model of the human arm is defined
as follows:

M.X + B.X + K.(X — Xu) = F, (2.4.1)

where M,, B., K., € R3>®3 represented the inertia, damping and stiffness
martices; X was the arm endpoint position and F' - the force vector. Simi-
larly to the approach described in Section [2.2] the unknown parameters were
estimated using the least squares algorithm. The parameters were estimated
for the set of 3 different co-contraction value ranges: a relaxed arm, 30-50%
and 70-90% of processed SEMG reading values.
Then, after the parameters are estimated, a genetic model was trained to
predict the diagonal stiffness matrix coefficients.
The authors concluded that some groups of muscles had better correlation
with the stiffness values and claimed that their non-linear algorithm out-
performed linear regression models by having higher correlation and lower
RMSE values. This study demonstrated the use of one of the many types of
machine learning algorithms for estimation purposes. Considering that ma-
chine learning algorithms tend to demand large amounts of data, the study
could have used other factors - such as position of the endpoint, for example,
- to be able to draw more conclusions and comparisons.

2.5 Statistical EMG-driven modeling

In the study “sEMG-based Estimation of Human Arm Force using Regression
Model” [34], a model that establishes a relation between surface EMG mea-
surements and force at the endpoint of the human arm. In the paper, both
Bayesian Linear Regression (BLR) and Support Vector Regression (SVR)
algorithms vere used.

A Bayesian Linear Regression model was defined like this:

ff=wa, (2.5.1)

where ff,i =1,2,3 was the theoretical force in x,y,z direction; a € Ry,
denoted the amplitude of the SEMG signals with m being the channel number
of the electrodes and w € R,,;; denoted the unknown coefficients. It was
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assumed that the noise in SEMG-force mapping of arbitrary direction was all
in Gaussian distribution. The estimated force by BLR would be:

fi=wla+e=yla,w) +e,i=1,23; (2.5.2)

where ¢; N (0, 37'), the noise with zero mean value and a variance of 57!.
The final result, the logarithmic probability density function of posterior
distribution was:

n(wlF) =—= Z{y a,w) — fi}> + %wTw + const, (2.5.3)

where F; denoted the estimated force vector in a certain direction, n
denoted the total number of samples applied for the computation, a and
const were constants. The maximization of the LPDF value would provide
the set of estimated parameters.

In case of the Support Vector Regression Algorithm, by means of which
a nonlinear mapping from input to output is found, the decision function was:

fila) = Z (o, — o) K(ag,a) + b, =1,2,3; (2.5.4)
k=1

where K denoted the RBF kernel function and aj, a, b denoted the un-
known parameters. The problem would be solved by the means of dual

programming for standard quadratic programming.
The authors provided experimental results that showed the high performance
for both of the models. They recommended using the SVR model for the
force estimation and the BLR model for the stiffness estimation based on

sEMG.

2.6 A structural EMG-driven model

In the study “Estimation of Time-varying Human Arm Stiffness Using Elec-
tromyogram Signal” [4] it was proposed to use a complete musculoskeletal

model of the human arm (Figure 2.6.1)) and the surface EMG measurements
to estimate the time-varying stlffness.

The EMG signals were rectified and filtered using a recursive filter as
follows:

where d; was the electromechanical delay and EMG,(t) was the rectified
EMG signal of the muscle 7, with rest being the constants. Then, a nonlinear
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Figure 2.6.1: The muscoloskeletal model [4]

function was used to map the processed EMG signal to activation level of
the muscle:

A -e:

et —1
aieizl—, 2.6.2
(€)= "t (26.2)
—-3<A<O0

where A; indicated the nonlinearity index of the relation. The Hill-type
model of the muscle was used to estimate muscle force around the joints:

Fm:a'ﬂ(l)'Fv(l)'Fmaw+Fp7 (263)

where F; was the nonlinear length-tension relation, F, was the force-
velocity relation, F),,, was the maximum muscle force, F}, was the nonlinear
passive force and 1 was the muscle length. The stiffness of the hand was
computed as a slope of the length-tension relation as following:

T
K.=—(J")™ ‘%Fm + MK, M" + 0 pY (2.6.4)
60 60
8h bl g g 9 Ol
M = [581 W g} (2.6.5)
002 802 662 002
5F,
Km = W =a- Fv . Kac(l) + Kp(l), (266)

where 6 was a vector of joint angles (shoulder and elbow), K. was the
arm stiffness, J was the arm Jacobian, M was the muscle Jacobian, F), was
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a vector of muscle forces, K, was the muscle stiffness and F' was the applied
perturbation.

The study concluded, pointing out that the proposed method was useful for
tracking changes of the arm stiffness, but not the precise value of the stiffness.

2.7 Conclusions

In this chapter, various approaches to modeling of the dynamics of the hu-
man arm were described. As intuitively expected, the studies that considered
more factors for the estimation process - e.g muscle co-contraction and the
position of the endpoint, - seemed more promising, like the ones described in
Sections 2.1l and [2.2]

On the other hand, the EMG-driven studies demonstrated how important
the muscle activation is and to which extend a human can control the force
exerted by their limbs. While these studies did not account for the spatial
coordinates of the arm endpoint or the configuration of the arm, they pro-
vided a more complex ways to account for the muscle activation, which was
not found in studies, described in Sections and Hopefully, the com-
plexity of the both worlds can meet in the future research in this field.

In many papers it was stated that the future development of their methods
would provide way to estimate the human-arm parameters via online esti-
mation algorithms, because the variability of the parameters from human to
human makes it extremely relevant.

In the next chapter, a number of experiments will be simulated in order to
test some suggestions that could have been implemented in the study, de-
scribed in Section [2.2 The reason why only that study was expanded in
such detail is that it is not possible to emulate the EMG readings without
the proper equipment. Accidentally, it is possible to avoid modeling the
source of EMG signals for the chosen study, because in the study it is done
completely separately from the rest of the estimation procedures.
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Chapter 3

Simulations

As stated previously, the intention of this chapter is to implement the some
suggestions made in the previous chapter in simulation. Because only the
study described in Secrion was truly extended, this chapter will imple-
ment an online estimation algorithm, based on the chosen study, as well
as explore the possibilities within the polar coordinates modeling. The al-
gorithms will be tested with the use of MATLAB and MATLAB Simulink
software.

The equations [2.2.1] 2.2.2] [2.2.4] will be used to model the human arm
impedance under the same assumptions, as described in the section. The
inertial component will be neglected due to the low planned accelerations.
Stiffness parameters are reported in Table [3.1] and damping parameters are
reported in Table [3.2]

Kay 5.381-10% | ky,  4.497-103
ka, 1.186-10% | k,,  1.357-10%
key  —1.060-10% |k, —1.011-10*
ks 5195-10% | k,,  1.226-10*
ke, —2164-10%|k, —2.380- 10
ke  —5.539-10% | k 6.562 - 10
k k

10.2912 19.809

Ys

Tyy

Table 3.1: Arm stiffness coefficients

The ultimate goal of this section is to see if it is possible to identify the
stiffness directly as a quadratic function of position in the shoulder frame
of the human. Note, that in practice the coordinates of the robot endpoint
would be recorded in the robot base frame, but, as shown in Appendix [A]

35
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Opw 1|0y 1

Table 3.2: Arm damping coefficients

the change of origin (e.g to the human shoulder frame) does not change the
quadratic structure of the stiffness model.

3.1 Experiment 1: simplified linear identifi-
cation

3.1.1 Motion

For this task, there are two goals to achieve: one is to perturb the system
well and another is to cover a suitable distance along x and y axes to map a
stiffness-position relation properly.

Motion data is represented by a sequence of linear motions along x and y axes,
as presented in Table [3.3] and Figure [3.1.1] Periodically, the motion stops
and a perturbation is applied in turns along x or y directions. Trapezoidal
and triangular perturbations are considered, as shown in Figure [3.1.2] The
trapezoidal perturbation is characterized by a constant velocity of 0.14 m/s
for 0.05 s, zero velocity for 0.2 s, and a negative velocity of 0.07 m/s for 0.1
s at the end. The triangular perturbation has an amplitude of 0.008 m and
a duration of 0.4 s.

z,m 095 09 095 095 1.10 080 0.95
y,m | 010 020 0.00 010 0.10 0.10  0.10
Time,s | 0.00 12.50 37.50 50.00 62.50 87.50 100.00

Table 3.3: Linear motion parameters

3.1.2 Identification
A following notation will be considered:
qn(t) = a:(t) + gp(t) (3.1.1)

where gy, is the position of the wrist (as well as the position of the manipulator
endpoint), g, - a perturbation component of the motion and ¢, is the motion,
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generated with the purpose of traversing the plane.

Every time a perturbation starts along  or y direction, the corresponding ),
Ty, and Fy, or y,, yn and Fy,, vectors are stored, with z;, and y, being the shift
in position due to a perturbation. To perform a least squares identification,

a regressor is computed:
_ |7 _ |y

So that the vectors of parameters will be:

~

[Kh,, D] = (%Z% : ¢f)_1(%z¢'th),

[Khya: ﬁhyy] = (% Z¢y ’ gbg)_l(% Zﬁzs : th)7

When next perturbation starts, new data vectors are collected and process
is repeated. The results of this estimation are shown in Figures 3.1.4)
3.1.5l The Figure [3.1.5] shows the relative error, computed as follows:

10

Kocx time history
22 ’\ 3P

] o~ // %,

- ] /J} T \\(\

g g P /X/

(a) trapezoidal perturbation (b) triangular perturbation
Figure 3.1.3: Stiffness estimation

K. —K
Errorg, =100 - ‘—h** hoaxest

Khys

(3.1.2)

Considering that results for triangular perturbations and trapezoidal pertur-
bations are almost identical, triangular perturbations will be preferred from
Nnow on.
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Figure 3.1.4: Damping estimation

3.2 Experiment 2: complete linear identifica-
tion

3.2.1 Motion

Here, a circular trajectory is used, centered at 0{0.95,0.1} and with radius
R = 0.1m, similar to one used in Section [2.2]

To perturb the human arm model, a sequence of three perturbations was
used. Fach perturbation has a triangular shape, an amplitude of 0.008 m
and a duration of 0.4 s. Every time a sequence of perturbations starts, the ¢,
motion stops and 3 perturbations with triangular shape are injected. First
perturbation is along x axis, second perturbation is along y axis and is nega-
tive. The third perturbation is a combination of the first two. Perturbations
are separated by a 0.5s pause. After the third perturbation the circular
motion continues. There are 20 perturbation sequences in total, evenly dis-
tributed across the motion duration of 100 seconds.

3.2.2 Identification

When a perturbation starts along any axis, data is recorded every 0.001 s
and put in a vector, until the perturbation ends. The recorded data is rep-
resented by a shift in position due to a perturbation, z, and y,; human arm
velocity, @, and gp,; human arm model forces, Fj,, and Fj,,. After the third
perturbation, the data is used to compute stiffness and damping coefficients



40

LA
7o

Esrimation Ervor, %

LA
1o

Estimation Error,

Eztimarion Error,

CHAPTER 3. SIMULATIONS

Kxx
0 20 40 60 80 100
Time, s
Kyy
10 1
5l J
0 . L .
0 20 40 60 80 100
Time, s

(a) trapezoidal perturbation

Foxex

Time. s
Kyy
L L T T
=
’g 0} .
=
=]
B
= 5F 1
£
7
=
G L i i
0 20 40 60 80 100
Time, s

(b) triangular perturbation

Figure 3.1.5: Percentage estimation error
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Figure 3.2.1: Circular motion position and velocity

via least squares algorithm. The following regressor vector is computed:

Lp Lp
¢w = |Yp 7¢y = |Yp
Ty Un

And so, parameter vectors are computed as following:

[Kh:cx Khzy ‘thm}

(3 S 0e 60 (5 S0+ Fi),

(v 0060 (5 S0+ B,

When the next perturbation starts, new data vectors are collected and pro-
cess is repeated.

3.2.3 Results

This method yields the results as shown in Figures [3.2.2a], [3.2.2b] [3.2.34]
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Figure 3.2.4: Stiffness to position relation

3.3 Experiment 3: simplified quadratic iden-
tification

3.3.1 Motion

Only sinusoidal trajectory in x direction is considered, with amplitude of
0.1m and bias of 0.95m. Due to absence of motion in y direction, the
human arm stiffness model described in the first section becomes:

K, (2, t) = kyy + ko, + kpyxh

20 triangular perturbations along z axis are evenly distributed across the
motion duration of 100 seconds.

3.3.2 Identification

When a perturbation starts, data is recorded every 0.001s and put in a
vector, until the perturbation ends. The recorded data is represented by
Xp, Xp, X, and Fj,. When a perturbation ends, a least squares algorithm
is used, but the stored vectors are not discarded. Instead, when the next
perturbation comes, they are expanded with new data. The regressor vector
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in this case will be:
1-x,

Th - Tp
T3 -z,
T,

o=

So that the parameter vector is computed via least squares:

1(% Z¢ . th),

where

3.3.3 Results
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The results of this identification are shown in Figures [3.3.1a] [3.3.1b]
[3.3.2b] As seen in figure [3.3.1b] estimated damping does not fol-
low model damping well. Damping, computed as a square root of stiffness,
follows the original damping more precisely. It is important to note, how-
ever, that elimination of damping estimation from the algorithm worsens the
convergence and precision of stiffness estimation.

3.4 Experiment 4: complete quadratic iden-
tification

3.4.1 Motion generation

In this case the motion is identical to the Section 3.2

3.4.2 Identification

Whenever a triangular perturbation starts along any axis, the positional data
is recorded every 0.001 s and put in a vector, until the perturbation ends.
Recorded data is represented by z,, and y,, z, and y, 2, and g, Fp,, and Iy, .
When a perturbation ends, a least squares algorithm is used, but the stored
vectors are not discarded. Instead, when the next perturbation comes, they
are expanded with new data. It is possible to limit the length of the vector
in order to limit the data history and make the algorithm more sensitive to
the new data. The regressor vectors:

1z, 1.y,

Th - Tp Th - Yp

yg * Tp ZJFQL “Yp
_ Ly * Tp _ Lh* Yp 3.4.1
G 223Yp - Tp % 2ThYn - Yp ( )

y}% “Lp y}% “Yp

Ty Tp
L Y L U

Note that the velocity data is utilized as well. Even though damping in the
model is computed from stiffness, it is important to try and prevent velocity
profiles to interfere with stiffness estimation, even when the estimated damp-
ing coefficients should be discarded. The parameter vector is computed via
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least squares as follows:

~ ~ ~ ~

[kmo kml ka ]%-7:3 kx4 ]%xS ﬁhzz thy

=

Yo 1

3.4.3 Results

ForceX time history ForceY time history

140 I ar

fl — — —Modd Fowe
| \ Estimated Foree
120 I 20
Ji k
(|
|
100 [ \\ 40,
A
| -60
» B0 [ v
& TR 5
60 | \ 0
|
| |
\
40 ! | 220
| \
| |
i \ -120

= odel Force.
Estimated Forer

97 97.2 97.4 97.6 97.8
Time, s

-140

97 97.2 97.4 97.6 97.8
Time, s

(a) Force prediction

Estimarion Error, %

22 0.025

Fsrimarion Error,

0.015

o
s B
S o
& =

]

- Z¢y (r/)y

Z¢ Fy,)

(3.4.2)

29/) Fh,)

(3.4.3)

T

Time, s
Kyy
m I}
M b b by LLMV(M
0 20 40 60 80 100
Time, s

(b) Error estimation percentage error

Figure 3.4.2: Results

As can be seen on Figure [3.4.Ta] the stiffness gets estimated well and the
algorithm converges by the second sequence of perturbations. As can be seen
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Figure 3.4.3: Stiffness to position relation

on Figure the damping values are not tracked well, but due to the
quality of the stiffness estimation and the fact that the original model was
deriving the damping values from the stiffness values, a computed version
can be used as a substitute.

On Figure forces time history is shown at the end of the simulation.
The estimated force is indistinguishable from the forces generated by the used
model. As can be seen from the Figure [3.4.2D] the error quickly drops to a
very low level and then experiences fluctuations. Finally, stiffness-position
relations can be seen on Figure 3.4.3

3.5 Experiment 5: polar model exploration

3.5.1 Motion

The motion is equivalent to the one used in Subsection [3.2] with the only dif-
ference that the amplitude of the oscillation around the center of the circular
trajectory is decaying linearly from 100% to 10%, as shown on Figure
The perturbations were generated in the same amount and with the same
frequency. The goal of picking a new motion is to map the original func-
tion in polar coordinates with higher precision. In a simulated experiment,
a former model (described in Section will be used to generate necessary
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forces. Then the input and output data will be transformed into polar space,
according to the equations provided in the Subsection Acquired data
will be used to estimate and map stiffness and damping parameters in said
space. The identified parameters will be fit as polynomial functions in gp.

3.5.2 Identification and results

The identification algorithm is identical to the one used in Section [3.2] with
only difference that now g, is an input vector and F),,; is an output vector.
When the stiffness and damping matrices are estimated, it is possible to fit
them with a polynomial function, similarly to how the model from Section
2.2l was derived.

To pick the correct polynomial order, it is possible to fit the data to different
polynomials and compare the quality of fit. Here, the quality of fit is repre-
sented by the degree-of-freedom adjusted coefficient of determination, dej.

11

Order for y

Order for y Order for x

11

Order for y Order for x

1

HO000000

Adjusted R?

1

2 : 2 2
Order for y Order for x Order for y 1 Orderforx  Order for y Order for x

Order for y

Order for x

(a) Stiffness

(b) Damping

Figure 3.5.2: Cartesian fit quality
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Figure 3.5.3: Polar fit quality

For reference and comparison, the order exploration of Cartesian model

is provided on a Figure [3.5.2] while Figure shows the results for the
polar model. As can be seen, the original Cartesian stiffness is so steep that
every coefficient of matrix K} can be fit with a first-order polynomial in both
x and y. The Cartesian damping, however, would require a higher order for
some of it’s coefficients: for djio it is first order in x and second order in vy,
while for dj9; it is second order in x and first order in y.
In case of the polar model, both stiffness and damping required the same
configuration: the diagonal elements were fit well with a first order in both
p and 0, while the anti-diagonal elements required at least second order in 6
for a good fit. The results of the fit are shown on Figures [3.5.4] and [3.5.5]

(a) Stiffness (b) Damping

Figure 3.5.4: Cartesian fit quality

In both cases, using the described fit functions, the outputs were esti-
mated well, as seen on Figures [3.5.6al and [3.5.6b] However, it is important to
note that the acquired fitting functions will only be valid for the used input
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(a) Stiffness (b) Damping

Figure 3.5.5: Polar fit quality

ranges, which incentivizes to cover as much of a working area of the human
arm as possible. To compare the results, let’s summarize the structure of the
models.

The original stiffness model was formulated as a diagonal matrix, whose el-
ements had quadratic relation with both = and y coordinates, requiring 6
parameters per coefficient, 12 in total. The original damping model was be-
ing computed directly from the stiffness, using only 1 scaling parameter per
coefficient of the diagonal damping matrix.

In case of full matrix identification in Cartesian coordinates, the results were
already good with linear relationship of the stiffness matrix coefficients in x
and y, resulting in 3 parameters per coefficient, still 12 in total. The damping
matrix was identified separately and resulted in 14 parameters in total - 3 per
diagonal coefficient and 4 per antidiagonal coefficient, with 26 parameters for
the whole model, excluding the modeling of co-contraction.

The polar model showed more consistency in the structure between stiffness
and damping matrices that the Cartesian model, each requiring 14 parame-
ters in the same way, 28 parameters in total.

All models estimated the original model well. Identification of the full matrix
may provide more insight than the original model, but both Cartesian and
polar models will have to be tested to see how they perform in a real-case
application.



3.5. EXPERIMENT 5: POLAR MODEL EXPLORATION
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Discussion

Most of the current studies, some of which were described in Chapter [2] are
still challenged by dealing with the neuromuscolosceletal system of a human.
While materials of the human body can be tested mechanically in deceased
specimens, the presence of the neural system provides enough uncertainty by
means of adaptability to make it necessary to account for it. What compli-
cates the problem is the inconvenience of taking the right measurements: the
non-invasive methods, such as surface EMG recording, provide only the indi-
rect information about the internal processes and the tracking of the human
motion to gain feedback for control purposes can require the use of complex
machine vision technology and processing algorithms.

Nevertheless, in a number of mentioned studies such difficulties were over-
came with reasonably good results. All the models were using ’'black box’
and heuristic approaches to modeling, having to make assumptions to sim-
plify the real system. In the meantime, models that start to resemble proper
structural models of human body are slowly advancing, mainly within the
scientific OpenSim community, allowing to test estimation and control algo-
rithms in simulation and thus, making the research more convenient.

Future development

The most straightforward improvement to this project would be to support
the provided suggestions and simulations with the experimental data. Con-
sidering that the most detailed suggestions were given to the study in the
Section [2.2] a sufficient equipment for the experiments would be a set of
a robot manipulator (such as KUKA LWR4+ [35]) with an equipped force
sensor [36] and a SEMG reading device (such as Myo armbands [37]). Dur-
ing the experiments, it will be extremely important to cover as much of the
working area of the human arm as possible, since the data will be used to
build a position-to-parameters map. Considering that the estimation is best
done point-by-point, the density of the points must be reasonable. Such ex-
periments can be organized in a way when different areas are traversed at a
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time and then the data is united into a single map.

To extend the usefulness of the experiments, it is possible to use more test
subjects to do the experiments, since the estimated parameters vary from
person to person. However, instead of accepting the variance of their pa-
rameters as a fact, it is possible to categorize these variations. For example,
additional metrics can be used to map the variance in parameters to the:
age, sex, physical fitness, height, arm length (related to height). For exam-
ple, knowing the arm length, it would be possible to scale maps and compare
the variance in estimated parameters (that depended on the spatial coordi-
nates) in the context of the available working area of a specific test subject.
With maps having been built and parameterized, it is also possible to move
from the least squares estimation algorithm to the recursive least squares
algorithm. While the recursive least squares algorithm is preferable for the
real-time estimation purposes because of the greater performance, it also al-
lows for the initialization of the parameters. In such a way it will be possible
to use the data on the parameters that were estimated from the past test
subjects to pick a good starting point for a new test subject, depending on
his height, age, etc. This may allow for performing simpler tests that will
establish a framework for simpler calibration phases, which would be a must
in practical applications.

Finally, to further expand the only study that was suggestion rich in this
thesis, an estimation algorithm can be fitted to work in the 3D space, to
make the approach competitive with other methods, such as described in
Section The main difficulty to overcome in this case would be the un-
derstanding of how to do the additional measurements, mostly relevant to
the arm configuration, such as shoulder position, to be able to provide the
full information to the estimation algorithms in absence of the complicated
tracking equipment.

Conclusions

In this project, a brief overview of the human modeling field was made. The
overview described various application of human modeling, provided and
explained a number of general modeling techniques and referenced some par-
ticular examples of such techniques being used in research.

Then, the project focused on exploring various researches, dedicated to the
modeling of the human arm properties, such as impedance, stiffness in par-
ticular or EMG-force relationships. All referenced studies were recent, they
were briefly explained and some remarks were given, which targeted the core
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issues which were not addressed by the authors of the studies. One research
in particular, described in Section [2.2] has received more detailed sugges-
tions, some of which later were tested in simulations.

Among the simulations, an online least squares estimation was tested. It
was shown that the least squares estimation is capable of estimating stiffness
matrix coefficients as polynomial functions, given that in the model used for
generation of the data they were computed as such. From that, it is clear
that such methods can be used to track the human arm impedance in real-
time mode, if necessary program is used with the equipment that is capable
of recording the reaction forces of a perturbed human hand and the surface
EMG signals from the human arm to compute the muscle activation levels.
Lastly, a transformation to the polar coordinates space was explored within
the simulation. It was shown that such models are also viable to estimate
stiffness, with implications that such an approach can be a middle ground
between methods that require tracking of the joint coordinates of the human
arm and methods that track only the arm’s endpoint coordinates.
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Appendix A

Proofs

Stiffness model in a different frame

The original stiffness model is represented by an equation

Kh** (Qh,t) = k*o + [k*l k*2:| qn + qg: |:]{7 ’ 2 :| qh;
4

*5

where q; = Eh} . The change of frame would modify the q; vector to a new
h

q;, vector as follows:

G = Aq, + b= |:COS€ —smﬁ] [m} . {:gi] ,

sinf cos0

where matrix A describes the rotational motion of the frame and vector b
describes the transnational motion of the frame. The new frame would be
rotated by the 6 angle relatively to the old frame and moved to the point
0*{0;,0;}. Let’s see if the stiffness model equation in a new frame is
different enough to require identification of a model with different structure.
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From this, it is possible to see that, even if the frame of the model changes,
the structure does not.
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