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Abstract

When looking back on the recent Olympic Games in London (2012) there is something
absolutely fascinating in how elegant, diverse, and complex human movement is: running,
swimming, rowing, throwing, jumping, fencing, and so on. It is an inspiring challenge to
investigate how humans and animals generate and organize movement. It is the aim of this
thesis to add a few pieces to this puzzle.
Both humans and animals alike live in a universe which is governed by fundamental laws

and principles. Physics is dedicated to reveal and quantify these fundamental principles
that ultimately result in such a great diversity. The great success of physics lies in the
interplay of theoretical predictions using mathematical models, and experimental verification
or falsification of which. This will work particularly well, if the object of study can be isolated
and thus investigated independent of all other phenomena. Unfortunately, isolating the
fundamental structures that govern biological movement generation is very difficult for two
reasons. Firstly, from an ethics perspective it is unacceptable to isolate relevant structures
in living humans to study them independent of the rest of the body. Secondly, movement
generation is a dynamical process involving not only biomechanical structures, e.g., muscles,
bones, ligaments, etc. but also metabolic energy processing, physiological sensing, and
neuronal control. Thus, isolating the object of study means to destroy the complex dynamics,
in which it might play a crucial role. In recent years, it has become more and more clear that
movement generation can only be understood if it is investigated in an integrated approach.
The work presented in this thesis aims towards such an integrated approach. It builds

upon the results of physiological experiments with isolated animal muscles over the course
of which their distinct dynamic properties have been described in great detail. Derived from
previous simulation studies, the hypotheses posed were that (1) the dynamic properties of
muscles strongly contribute to generation and control of movements, (2) they allow very
simple control strategies, (3) and thus reduce control effort in comparison to (technical)
systems whose actuators do not have similar dynamic properties.
Hypotheses (1) and (2) were substantiated in the 1st study of this thesis. Here, hopping

was used as a template model to study the relation of muscle properties, control strategies,
and interaction with the environment. In a numeric hopping model the level of represented
detail of the muscle’s material properties (force-length-velocity relation) was varied to test
their influence on periodic hopping. It was found that the typical non-linear force-velocity
relation of the biological muscle improves hopping stability as compared to a linear approxi-
mation. Additionally, hopping stability could be further improved by combining feed-forward
and feedback control. The results highlight the importance of the muscle properties, espe-
cially that of the force-velocity relation for the control of periodic movements. They also
emphasize the ability of organisms to exploit the stabilizing properties of intrinsic muscle
characteristics.
Hypothesis (3) was substantiated in the 2nd study: If an organism exploits the dynamic

properties of muscles, the control effort will be less than in a comparable (technical) system
without these properties. Beforehand, a quantitative comparison between biological and
technical actuators has not been possible because definitions of control effort were based on
system specific measures, such as voltages, pressure, muscle activity, etc. Therefore, a new
measure of control effort based on information theory was developed. Applied to the hopping
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models this method revealed that the required information to control hopping can be as low
as I = 34 bit with a muscle vs. I = 798 bit with a DC-motor. Concerning the muscle, the
control strategy was particularly designed to exploit the muscle properties. In case of the
DC-motor, a typical engineering control approach was chosen, where a negative-feedback
controller was used to enforce a predefined trajectory regardless of the actuator properties.
This shows that the approach to control effort based on information theory is applicable to
and comparable across completely different actuator designs and control approaches.

Both studies emphasize the importance of the hyperbolic force-velocity relation. It helps to
stabilize periodic movements and allows reducing the control effort. Therefore, the following
two studies focus on the investigation of the physical origin of the force-velocity relation.

3rd study: So far, biomechanical muscle models incorporated the force-velocity relation
as a phenomenological fit to experimental data, i.e. a hyperbolic function. Only micro-
scopic muscle models proposed a physical origin of the hyperbolic force-velocity relation.
However, microscopic muscle models can neither be used in simulation studies of complex
human movements, nor as a blueprint for the construction of artificial muscles. A different
macroscopic model predicted the hyperbolic force-velocity relation from an arrangement of
three macroscopic physical components: a mechanical energy source (active element AE),
a parallel damper element (PDE), and a serial element (SE) that exhibits operating points
with hyperbolic force-velocity dependency. The open question addressed in the 3rd study
was, whether this analytical model works in reality. To verify the contraction dynamics of
this model, the analytical model was compared to a numerical simulation and a hardware
implementation. The analytical model only predicts the operating points at steady state,
whereas the numerical model includes the dynamics of the contraction, and the hardware
implementation is used to verify the real world functionality of the concept. The same ex-
periments as usually performed with biological muscles were conducted, i.e. quick release
experiments against different loads. A similar hyperbolic force-velocity relation was found
in the numerical model and the hardware implementation. However, deviations from the
analytical prediction were found.

To resolve these discrepancies, two types of quick release experiments were performed in
the 4th study. These experiments represent two extreme cases of the contraction dynam-
ics, i.e. against a constant force (isotonic) and against an inertial mass. Both experiments
revealed hyperbolic force-velocity relations. Interestingly, the analytical model not only pre-
dicts these extreme cases, but additionally all contraction states in between as well. It was
possible to validate these predictions with the numerical model and the hardware experi-
ment. These results prove that the origin of the hyperbolic force-velocity relation can be
mechanically explained on a macroscopic level by the dynamical interaction of three me-
chanical elements. Thus, the concept can be seen as a starting point for the development of
muscle-like bionic actuators.

With these studies, this thesis contributes to the understanding of the role that muscles
play in the control of periodic movements, and proposes a design concept allowing a transfer
of their beneficial properties into technical systems. By using information theory to quantify
the control effort, technical biological systems can be compared and key characteristics can
be identified. These new insights and methods contribute to the integrated view of biological
movement generation – a few pieces of the big puzzle.
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Kurzbeschreibung

Wenn man an die Olympischen Spiele des vergangenen Sommers in London (2012) zurück-
denkt, erinnert man sich voller Faszination daran, wie elegant, vielfältig und komplex mensch-
liche Bewegung ist: Laufen, Schwimmen, Rudern, Werfen, Springen, Fechten und so weiter.
Es ist eine inspirierende Herausforderung zu untersuchen, wie Menschen und Tiere solche
Bewegungen erzeugen und organisieren. Ziel dieser Arbeit ist es, dieses Puzzle um ein paar
Teile zu ergänzen.
Menschen und Tiere leben in einem Universum, das von fundamentalen Gesetzen und

Prinzipien bestimmt ist. Die Physik widmet sich der Entdeckung und Quantifizierung dieser
Prinzipien, die am Ende zu dieser Vielfalt führen. Der Erfolg der Physik beruht auf dem
Zusammenspiel von Theorie und Experiment. Es werden Vorhersagen mit mathematischen
Modellen generiert und durch Experimente verifiziert oder falsifiziert. Diese Methode funktio-
niert besonders gut, wenn ein Phänomen unabhängig von allen anderen Effekten untersucht
werden kann. Leider ist eine solche Isolierung der grundlegenden Strukturen, die für die
biologische Bewegung verantwortlich sind, sehr schwer. Das liegt zum Einen daran, dass es
ethisch inakzeptabel ist Strukturen am lebenden Menschen zu isolieren. Zum Anderen beruht
die Erzeugung von Bewegungen gerade auf der Kopplung unterschiedlicher Strukturen und
Effekte. So spielen neben der Dynamik biomechanischer Strukturen wie Muskeln, Knochen,
Bänder etc. auch metabolische Energieumsetzung, physiologische Sensorik sowie neuronale
Kontrolle eine wichtige Rolle. Diese Überlegungen zeigen, dass Bewegungserzeugung nur in
einem integrativen Ansatz untersucht und verstanden werden kann.
Diese Arbeit folgt dem integrativen Ansatz. Sie baut auf den Ergebnissen physiologi-

scher Experimente mit isolierten Tiermuskeln auf, in denen die besonderen dynamischen
Eigenschaften der Muskeln bestimmt wurden. Folgende Hypothesen wurden aus vorherigen
Studien abgeleitet: (1) Die dynamischen Eigenschaften der Muskeln tragen maßgeblich zur
Erzeugung und Kontrolle von Bewegungen bei. (2) Sie erlauben dadurch sehr einfache Kon-
trollstrategien. (3) So wird der Kontrollaufwand gegenüber (technischen) Systemen ohne
diese Eigenschaften erheblich reduziert.
Hypothesen (1) und (2) konnten in der 1. Studie dieser Arbeit untermauert werden.

Hier wurde Hüpfen als Beispiel genommen, um die Beziehung zwischen Muskeleigenschaf-
ten, Kontrollstrategien und Interaktion mit der Umwelt zu untersuchen. Dazu wurden in
eine Hüpfmodell die Materialgesetze des Muskels (Kraft-Längen-Geschwindigkeits-Relation)
in unterschiedlicher Genauigkeit modelliert. Es zeigte sich, dass mit der typischen nichtli-
nearen Kraft-Geschwindigkeits-Relation die Stabilität beim Hüpfen besser ist als mit einer
linear genäherten Variante. Die Stabilität konnte weiter verbessert werden, wenn einfache
Kontrollstrategien kombiniert wurden. Diese Ergebnisse zeigen die Bedeutung der Kraft-
Geschwindigkeits-Relation für die Kontrolle periodischer Bewegungen. Sie zeigen außerdem
die Fähigkeit des Organismus, die stabilisierende Eigenschaften der Muskeln auszunutzen.
Hypothese (3) wurde in der 2. Studie bestätigt: Ein Organismus, der die dynamische

Eigenschaften des Muskels ausnutzt, hat einen geringeren Kontrollaufwand im Vergleich zu
einem (technischen) System ohne diese Aktuatoreigenschaften. Bisher war ein quantitativer
Vergleich zwischen biologischen und technischen Systemen nicht möglich, da Kontrollauf-
wand immer auf der Basis systemspezifischer Größen wie elektrische Spannung, Druck oder
Muskelaktivität definiert wurde. Um dieses Problem zu lösen, wurde ein neues Maß für Kon-
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trollaufwand entwickelt. Es basiert auf der Informationstheorie. Angewandt auf Hüpfmodelle
zeigte sich, dass der Kontrollaufwand für stabiles Hüpfen mit einem Muskel bei gerade mal
I = 34 bit liegt – mit einem Elektromotor hingegen bei I = 798 bit. Die Kontrollstrategie
für den Muskel war speziell entworfen um die Muskeleigenschaften auszunutzen. Die Kon-
trollstrategie für den Elektromotor hingegen war eine typische Robotiklösung, bei der ein
Regler eine vorgegebene Trajektorie, unabhängig von den Aktuatoreigenschaften, erzwin-
gen sollte. Diese Ergebnisse zeigten, dass der informationstheoretische Kontrollaufwand auf
unterschiedlichste Aktuatoren und Kontrollansätze angewandt werden kann und diese quan-
titativ vergleichbar macht.
Beide Studien zeigen die Bedeutung der hyperbolischen Kraft-Geschwindigkeits-Relation.

Diese hilft bei der Stabilisierung periodischer Bewegungen und reduziert den Kontrollauf-
wand. In den folgenden Studien wurde deshalb der physikalische Ursprung der Kraft-Ge-
schwindigkeits-Relation untersucht.
3. Studie: Bisher wurde die Kraft-Geschwindigkeits-Relation in biomechanischen Mus-

kelmodellen immer als phänomenologischer Fit an die Experimentaldaten implementiert. Nur
mikroskopische Muskelmodelle konnten die Relation biophysikalisch erklären. Allerdings sind
mikroskopische Modelle weder für komplexe biomechanische Simulationen geeignet, noch
kann man sie als Vorlage für die Konstruktion künstlicher Muskeln verwenden. Erst ein kürz-
lich veröffentlichtes makroskopisches Modell führt die hyperbolische Kraft-Geschwindigkeits-
Relation auf drei physikalische Elemente zurück: Eine mechanische Energiequelle, einen dazu
parallelen Dämpfer und ein in Serie geschaltetes Element. Für dieses Konstrukt wurden Ar-
beitspunkte auf einer hyperbolischen Kraft-Geschwindigkeits-Relation vorhergesagt. In der
3. Studie wurde nun untersucht, ob diese Arbeitspunkte in einer dynamischen Kontraktion
erreicht werden. Dazu wurden ein numerisches und ein mechanisches Modell entwickelt. Mit
beiden Modellen wurden “quick-release” Experimente gegen eine Masse durchgeführt, wie
sie in der Physiologie mit Tiermuskeln durchgeführt werden. Das numerische und das me-
chanische Modell zeigten beide eine ähnliche hyperbolische Kraft-Geschwindigkeits-Relation.
Allerdings wich diese quantitativ von der analytischen Vorhersage ab.
Um diese Diskrepanz aufzulösen, wurden in der 4. Studie zwei unterschiedliche “quick-

release” Experimente durchgeführt. Diese Experimente untersuchen zwei Extreme der Kon-
traktionsdynamik: Gegen eine konstante Kraft (isotonisch) und gegen eine träge Masse. In
beiden Experimenten wurde eine hyperbolische Kraft-Geschwindigkeits-Relation nachgewie-
sen, deren Parameter jedoch nicht identisch sind. Interessanterweise sagt das analytische
Modell beide Hyperbeln und zusätzlich weitere dazwischenliegende vorher. Auch die dazwi-
schenliegenden Hyperbeln konnten in den Experimenten nachgewiesen werden. Diese Ergeb-
nisse stellen zum Einen die Interpretation biologischer Experimente in Frage. Sie bestätigen
aber zum Anderen, dass die hyperbolische Kraft-Geschwindigkeits-Relation mit der dynami-
schen Interaktion dreier makroskopischer Elemente erklärt werden kann. Daher kann dieses
Konzept als Startpunkt für die Entwicklung von muskelähnlichen bionischen Antrieben ge-
sehen werden.
Diese Studien zeigen, welche Rolle Muskeln bei der Kontrolle von periodischen Bewegun-

gen spielen. Außerdem stellen sie einen Ansatz dar, deren vorteilhafte Eigenschaften in die
Technik zu übertragen. Das neu entwickelte informationstheoretische Maß für den Kontroll-
aufwand erlaubt es auch, technische Lösungen mit der Biologie zu vergleichen. Diese neuen
Einsichten und Methoden tragen zum integrierten Bild biologischer Bewegungserzeugung bei
– ein paar Teile des großen Puzzles.
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Symbols and abbreviations

This list only contains symbols and abbreviations being used several times throughout the
thesis.

A Hill constant

A muscle activation

AE active element (part of CE)

Aopt optimal activation pattern

B Hill constant

CDSM cascaded damped spring model

CE contractile element

CoM center of mass

CPG central pattern generator

δ feedback signal delay

∆t time resolution

∆u signal resolution

E Energy

ECC excitation contraction coupling

η efficiency

F force

f frequency

Fext external force

FFB force feedback

Fl force-length relation

FL leg force

FM muscle force

Fmax maximum isometric force

Fv force-velocity relation

G feedback gain factor

g gravitational constant

ALLFB combined F -, v-, and L-feedback

H enthalpie rate

H entropy

h hopping height

I information

Imin minimal required information

k spring constant

κv gearing ration l̇SE/l̇CE
kSE serial element stiffness

l muscle length

L0 reference length

LFB length feedback

lopt optimal muscle length

m mass
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Symbols and abbreviations

PDE parallel damping element (part of
CE)

pi probabilities of sensor measure-
ments

P hopping performance

Q heat

QR_F quick release against an external
force

QR_m quick release against an inertial
mass

R robustness

SE serial element (part of CE)

SLIP spring loaded inverted pendulum

STIM muscle stimulation signal

STIM 0 pre-contact stimulation

T cycle duration

τ ECC time constant

tQR time of quick release

u measurement variable

v velocity

VFB velocity feedback

vmax maximum contraction velocity

W work

wBF weighting factor feedback/feed-
forward

~x system state vector

y position

y0 release height

yfix periodic hopping height
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1
Introduction

The main subject of this thesis is the biological muscle. The research presented here is
driven by the urge to understand how muscles work and why they are so well suited to
generate the diversity, the elegance, and the power of biological movements. It is the goal to
expand knowledge from isolated muscle experiments to an integrated movement control view.
Deeper knowledge about muscles and movement generation on the one hand satisfies scientific
curiosity, but is on the other hand a prerequisite and foundation for future developments
in the field of prosthetics and robotics. This research contributes to the understanding of
muscle dynamics and is intended to facilitate the peaceful and humanitarian application of
biomechanical research.
The work presented in this thesis emerges from the interdisciplinary research between

physics, biology, physiology, engineering, and cybernetics. This introduction chapter is in-
tended to provide background knowledge on these different disciplines and introduce the
reader to the research questions addressed in this thesis. As the topics and references se-
lected for this chapter are only a small digest of the scientific knowledge in the field, this
selection mostly represents my point of view and my research focus. Chapters 2 - 6 report
five studies. The results are discussed in each chapter in the context of the study. Chapter 7
finally summarizes the findings and puts them in context.

1.1 My approach

In physics, it is well known that four distinct forces control all observed interactions of
matter1. Strong (Gross and Wilczek, 1973; Politzer, 1973) and weak forces (Fermi, 1934)
on the one hand certainly contribute to our existence but play a minor role on the scale of
our perception (≈ 1 m). Electro-magnetic (Maxwell, 1873) and gravitational forces (Newton,
1802; Einstein, 1916) on the other hand dominate our daily life. Gravity e.g., is the necessary
“opponent” in locomotion and will be treated as such in this thesis. The electro-magnetic
force governs the interaction with our environment, allows transmission of information, and
is the agent for chemical and molecular bindings resulting in vast and complex structures,
such as the human organism.

1At least in the current state of the universe.
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1 Introduction

One fascinating characteristic of the human organism is that our biological structure allows
us to acquire information on our environment and generate active forces for goal oriented
motions, e.g., locomotion. This is a capability we humans have in common with animals,
and with an increasing number of technical automata too. The research field of Cybernetics2
is dedicated to such systems. It might seem a little far sketched relating the function of
complex cybernetic systems to the fundamental physical forces, especially as cybernetics per
definition is more concerned with the behavior of the system than with its material properties
(Ashby, 1956). However, real cybernetic systems are fundamentally bound to these forces.
To understand how biological organisms generate behavior, the approach in this thesis is
to identify fundamental relations on the level of forces, energy, entropy, as well as basic
mechanical structures and elements with physics methods.
We follow the principles of science with quantitative measurements on the one hand and

modeling and predicting natural behavior on the other hand to develop and test theories
(Feynman, 1994). This is especially challenging as humans cannot be disassembled like e.g.,
protons in the Large Hadron Collider to identify the governing principles and structures.
To develop an understanding of how movement is generated, a synthetic approach has to be
taken incorporating at least muscles, neuronal control, and interaction with the environment.
For this purpose, reduced3 physical models of muscles and cybernetic systems are developed
predicting key aspects of natural behavior. These models are then transferred to hardware
models and the results are compared to the biological counterpart (Kalveram and Seyfarth,
2009).
In the following sections, relevant background for modeling and simulating cybernetic

systems is discussed with a focus on biomechanical systems.

1.2 Forward dynamic biomechanical simulations
For a formalized analysis of cybernetic systems, it is assumed that the state of a system
can be described by a state vector ~x(t). Entries of ~x describe kinematic variables, such as
the current location, orientation, and velocities of structures, but also chemical states like
muscle activation levels. In order to conduct computer simulation experiments, the time
development of the system state ~x(t) has to be predicted by a mathematical-physical model.
In general, this time development is described by differential equations.
The differential equations for the mechanical state are based on newtonian mechanics. In

short4, the dynamics are described by equations of motion of the form

ẍi =
Fi
mi

.

Hopping for example can be described in a general approach by the differential equation

mÿ = −mg +

{
0 y > L0 flight phase
FL y ≤ L0 ground contact

. (1.1)

2 Wiener (1948) defined Cybernetics as “control and communication in the animal and the machine”.
3Meaning few parameters and few degrees of freedom (in contrast to complex models).
4For further reading on multi body dynamics, especially in the context of biomechanics, I recommend:
van den Bogert (1994); Schiehlen (1997); Nigg and Herzog (2007).
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1.2 Forward dynamic biomechanical simulations
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Figure 1.1: A cybernetic view on human movement generation. The system state results in cer-
tain sensor signals, which can be used by the controller to determine required actions (neural
pathway). Additionally, the system state directly influences the environment and the material
properties which also influence the system state (physical interaction). In a numerical sim-
ulation, the loop is closed by solving the equations of motion, while in the real world this
“integration” is done by physics itself.

Here, hopping is analyzed in only one dimension (y). The body is idealized as a point mass
m which is always accelerated by gravitation (g) in negative y direction, and additionally
by the leg force FL during ground contact (y ≤ L0) in positive y direction. To generate a
periodic hopping movement alternating stance- and flight phases have to be generated by
the leg force. This one-dimensional approach to hopping will be used in Chapters 2, 3, and
6 of this thesis.
The main challenge is to find accurate constitutive laws to describe the forces Fi (or FL)

generated by the biological structures. Sources of the forces Fi can be either passive or active
structures. Passive structures are e.g., tendons (internal forces) and heel-pads (external
forces); active structures are the muscles. The difference between passive and active is
that the force of passive structures solely depends on the system state, while muscle force
additionally depends on a neuronal stimulation signal STIM transmitted through nerves:

Fpassive =F (~x)

Factive =F (~x, STIM ) . (1.2)

Passive forces are therefore a solely mechanical reaction to the system dynamics, while active
forces allow a goal oriented motion.
For goal oriented motions, the neuronal signals have to control the muscle forces appropri-

ately. To do so, they may utilize information about the current state of the system and the
environment. Many sensors distributed throughout the biological system provide this infor-
mation. The output signal of these sensors obviously depend on the state ~x of the system5

and STIM can therefore be a function STIM (~x).

5The focus is here on proprioception, meaning the sensors sensing the internal state, such as segment
orientations, forces, velocities, etc. Other senses used to perceive the outside world (exteroceptors),
however, can be covered by this approach too: any interaction with the environment has an effect on the
physical state of the sensors detecting it and thus can be represented in ~x.
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Figure 1.2: Internal structure of biological muscles. From left to right, the scale decreases. The
sarcomere length is only about 1.6− 2.6µm. Adapted from Nigg and Herzog (2007).

Figure 1.1 sketches the complex interdependencies leading to the movement. Actuator, me-
chanical structure, neuronal signal processing, sensors, and interaction with the environment
contribute to the movement generation. In this thesis, the interplay of these contributions
is studied with special emphasis on the role of the muscle.

1.3 Macroscopic and microscopic muscle models

A glance at the complexity and diversity of muscle generated movements shows that muscle
is a versatile, powerful, and flexible actuator (Sandow, 1970; Close, 1981; McMahon, 1984).
This is achieved because muscles can operate in different modes depending on the contraction
dynamics and the structural implementation (Lieber, 1999; Ahn and Full, 2002).
For an accurate prediction of the muscle force, muscle models have to be derived from

muscle experiments. There exist various experimentally validated models on either a macro-
scopic scale, taking only gross effects into account or a microscopic scale, including even
molecular phenomena. First quantitative empiric studies in the 19th century tried to mea-
sure the gross physical properties of biological muscle (e.g., Weber, 1846; du Bois-Reymond,
1848; Fick, 1892). Since then, both muscle experiments and mathematical formulations of
muscle function iteratively improved.
Today, it is known that skeletal muscles have a distinct internal structure and arrange-

ment of contractile proteins6 (Figure 1.2): Muscles consist of many bundles (fascicles) of
muscle cells (myocytes). Each muscle cell contains several myofibrils arranged in parallel.
The myofibril consists of a serial arrangement of sarcomeres, arguably the smallest func-
tional unit within the muscle. Within a sarcomere, the contractile proteins actin, myosin,
and titin generate the forces. In microscopic pictures of myofibrils, filaments can be seen,
which slide relative to each other upon contraction. The apparently thicker filament consist
of myosin molecules, the thinner filament of actin molecules. Active regions (cross bridges)
of the myosin can bind to actin and generate longitudinal forces causing the sliding of the
filaments and ultimately the muscle contraction (first proposed by Huxley, 1957). The
chemical processes resulting in the binding of actin and myosin are governed by the calcium
ion (Ca2+) concentration. Each cell is electrically isolated from the neighboring cells (by the
endomysium). Groups of cells are recruited for contraction by motor neurons in the spinal

6For a detailed description of muscle physiology see Nigg and Herzog (2007) and Sherwood (2011).
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Figure 1.3: A: Force-length relation of a sarcomere. The approximate overlap of actin (blue) and
myosin (red) is sketched at the bottom of the figure. B: Force-velocity relation of a muscle.
In concentric contractions (shortening muscle: v < 0), the muscle exhibits a hyperbolic force-
velocity relation. In eccentric contractions, the muscle is stretched with higher force than it
exhibits itself (v > 0). Here the muscle can generate more force than in the isometric state
(v = 0). Adapted from Nigg and Herzog (2007).

cord which cause the release of Ca2+ into the myofibrils. Such a group of cells innervated
by one motor neuron is called a motor unit. The force output of the muscle can be modu-
lated very precisely by recruiting few or many motor units, and by individually varying the
neuronal spike rates (Hatze, 1978, 1977b).
These physiological structures and processes result in distinct characteristics of muscle

contraction dynamics, which have to be measured for and considered in muscle modeling.
From experiments with whole dissected muscles, it is known that muscle force depends on
the current muscle length l, the contraction velocity v, and the muscle activation A (roughly
the percentage of recruited motor units) (McMahon, 1984). Under the assumption that these
dependencies do not influence each other, the behavior of the active part of muscles can be
described by a model of the form

FM = A · Fl · Fv · Fmax , (1.3)

where the force-length relation Fl = F (l) (Aubert et al., 1951) and the force-velocity relation
Fv = F (v) (Hill, 1938) are empirically measured and fitted functions. Both are normalized
to the maximum isometric (measured at constant length) force Fmax.
The force-length relation can be measured in isometric muscle experiments. These experi-

ments reveal that active muscle force reaches a maximum at a certain length termed optimal
length lopt (Aubert et al., 1951). This behavior cannot only be found in the whole muscle,
it is already present on the level of sarcomeres (Gordon et al., 1966). It is related to the
overlap of thick and thin filament (Figure 1.3A).
The force-velocity relationship was determined by Hill (1938) from heat measurements

during concentric contractions (Figure 1.3B). This relation constitutes a hyperbola

(F +A) · v = −B · (F0 − F ) , (1.4)

with three parameters A, B, and F0 which he named "constants of muscle". These constants
can be determined in muscle experiments. Based on his work, a whole class of macroscopic
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“Hill-type” muscle models emerged. Hill-type models are identified as macroscopic muscle
models. They mainly consist of three elements: a contractile element incorporating force-
length and hyperbolic force-velocity dependencies (Equation (1.3)), a serial, and a parallel
elastic element in diverse configurations (Zajac, 1989; Winters, 1990; van Soest and Bobbert,
1993; Günther and Ruder, 2003; Houdijk et al., 2006; Kistemaker et al., 2006; Siebert et al.,
2008). In this thesis, the focus will be on the contractile element. Various extensions account
for physiologically observable effects, such as contraction history effects (Meijer et al., 1998;
Rode et al., 2009a), high frequency oscillation damping (Günther et al., 2007), recruitment
patterns of slow- and fast twitch fibers (Wakeling et al., 2012), and eccentric contractions7
(Till et al., 2008; van Soest and Bobbert, 1993).
In the first comprehensive theoretical muscle model by Huxley (1957), the "sliding filament

theory", the force-velocity relationship was derived solely from mapping the state of the
art knowledge about the structure of the crucial molecules involved in the mechanism of
muscular force production. Altogether, he needed to set nine microscopic parameters to fit
the Hill relation. The Huxley model is identified as a microscopic muscle model. Huxley-
type muscle models, nowadays, account for the detailed knowledge gained from microscopic
morphological studies and explain the physiology in detail (Cooke et al., 1994; Piazzesi and
Lombardi, 1995, 1996; Barclay, 1999; Lan and Sun, 2005; Chin et al., 2006; Walcott and
Sun, 2009). With at least 30 parameters in the more recent approaches and several coupled
differential and rate equations such models can predict, e.g., the force-velocity characteristics
of a sarcomere.
In this thesis, the focus is on macroscopic muscle models. They allow to investigate

movement control (Chapters 2 and 3) and are the basis of a new design concept for artificial
muscles (Chapters 4 and 5).
While Fl and Fv in macroscopic models represent the mechanical properties of the muscle,

the variable muscle activation A (Equation (1.3)) introduces the possibility to control muscle
force via a neuronal stimulation signal STIM . This is represented by the blue arrow in
Figure 1.1. As STIM is used for a whole muscle, it represents the net-effect of the number of
recruited motor units and the motor neuron spike rates in form of one neuronal stimulation
signal. The connection between STIM and muscle activation A is the excitation contraction
coupling (ECC). ECC models the biochemical processes involved in the process initiated
by muscle stimulation via motor-neurons and resulting in change in muscle force8. These
processes can be approximately described by first order differential equations (e.g., Hatze,
1977a; Zajac, 1989) and have an effect similar to a low-pass filter. In this thesis, excitation
contraction coupling was modeled as

dA(t)

dt
=

1

τ
(STIM (t)− A(t)) (1.5)

where τ is a time constant (Geyer et al., 2003). STIM could either be modeled as a neuronal
spike train or a neural current defined as “the number of impulses passing through a cross
section of all parallel redundant fibers in a given bundle per unit time” (Powers, 1973). The
latter is very useful in macroscopic musculo-skeletal simulations: sensor signals can simply

7Eccentric contractions are contractions in which the muscle is stretched with a force higher than the
current muscle force.

8For a detailed description of these processes see e.g. (Nigg and Herzog, 2007).
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Figure 1.4: Operation principle of negative feedback control. A desired state of the system is given
and compared to the actual state. If a deviation between actual and desired state is detected,
this deviation will be gained by the factor G and used as control signal to the system.

be modeled as numeric values (e.g., F = 10.3 N) and do not have to be translated into a
spike signal. With this simplification and the model for the excitation contraction coupling,
the signal path is “connected” by a mathematical model, allowing for defined muscle control.

1.4 Exploitive control

The above mentioned muscle models and muscle experiments mainly focus on the (isolated)
muscle. To understand the functional role of muscles in the biological system, the control
of movements has to be considered as well (Figure 1.1). Control theory in engineering9 was
greatly inspired by the work of early Cybernetics research:

“We thus see that for effective action on the outer world, it is not only essential
that we possess good effectors10, but that the performance of these effectors be
properly monitored back to the central nervous system, and that the readings of
these monitors be properly continued with the other information coming in from
the sense organs to produce a properly proportioned output to the effectors.” [...]
“The information fed back to the control center tends to oppose the departure of
the controlled from the controlling quantity, but it may depend in widely different
ways on this departure”(Wiener, 1948).

Although very openly formulated by N. Wiener (1948), this idea can be summarized by the
term negative feedback. In the control of movements, the negative feedback approach requires
a pre-defined/planned trajectory or time series of the controlling quantity. Typical examples
are preplanned kinematics to generate a desired trajectory, or preplanned forces. Then,
the deviation from this ideal trajectory is measured and the controller tries to minimize
the deviation throughout the movement. Thus, “negative” stands for the difference between
desired and actual state of the system (Figure 1.4) . Unknown effects like perturbations,
friction, and damping can be compensated for. This approach has been very successfully
implemented in industrial robots and automata11.

9Control theory from an engineering point of view is described in detail in (Zacher and Reuter, 2011). For
an interesting view on human control theory I recommend (Powers, 1973).

10e.g., motors, muscles etc. Also called actuators in this thesis.
11For an introduction to robot control see Siciliano et al. (2009).
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In contrast to such control approaches, there exist mechanical systems that generate cer-
tain movements solely by the mechanical structure without any actuator or control. One
example is an ideal spring-mass system (Figure 1.5), where the leg force is modeled as a
purely elastic spring (FL = −k(y −L0) in Equation (1.1)). Released above the floor, it gen-
erates a hopping movement by simply repeating the conversion of potential to kinetic energy
and back. Inspired by this idea, a whole class of purely mechanical robots was constructed
in the past and termed passive dynamic walkers (e.g., McGeer, 1990; Collins, 2001). An-
other aspect enriched this trend: interestingly, the simple spring-mass model12 can predict
the kinematic pattern of the center of mass (CoM) and the ground reaction forces of hu-
man and animal hopping, running (Blickhan, 1989), and walking (Geyer et al., 2006) quite
well. Thus, the spring-mass model is a template model of the overall leg function during
locomotion (Full and Koditschek, 1999). It is easy to implement in a computer simulation,
can be analytically approximated (Geyer et al., 2005), and was studied extensively for its
implications for locomotor control (Farley et al., 1998; Seyfarth et al., 2002; Rummel and
Seyfarth, 2008; Blum et al., 2010; Rummel et al., 2010; Saranli et al., 2010; Peuker et al.,
2012) and adapted for robot design and control (Poulakakis, 2010; Maufroy et al., 2011;
Radkhah et al., 2011; Garofalo et al., 2012).
The spring-mass model assumes an ideal spring with no energy dissipation (conservative

model). Every real world system, including the human leg, however, inevitably dissipates
energy. This energy is lost for the hopping movement and has to be replenished for continuous
hopping. To investigate how humans manage the movement energy in hopping, we furnished
a spring-mass model with damping and allowed energy supply by means of spring-stiffness
variation (Kalveram et al., 2012). A summary of this study is given in Chapter 6. The
results suggest that humans might exploit the mechanical characteristics of the leg: by
injecting the same amount of energy ∆Esupply in every cycle, friction and damping “passively
control” the hopping hight. If for example the hopping height is very high, the energy
dissipation Ediss will be high during the cycle (Ediss > ∆Esupply). If the hopping height is
very low, Ediss < ∆Esupply. Naturally, the system will tend towards a hopping height, where
Ediss = ∆Esupply and perturbations in the energy will be compensated for without the need of
adaptation of the control. Additionally, hopping height in this regime can be easily adjusted
by changing ∆Esupply.
This form of control does not require a preplanned trajectory. It still requires some pro-

prioceptive sensory input13, but not in the comparing sense of negative feedback. The move-
ment pattern emerges from the dynamic interaction of the organism with its environment.
Hereby, the intrinsic mechanical properties of the system play a crucial role and are exploited
by the control regime. Therefore, this control approach was termed exploitive actuation14
(Kalveram and Seyfarth, 2009). This term is biologically motivated: it implies a superordi-
nate neural controller specifying discrete goals, for instance hopping with a certain height.
12There exist two terms for the same model: “Spring-mass model” was introduced by Blickhan (1989),

“spring-loaded-inverted-pendulum (SLIP) model” was introduced by Schwind (1998).
13This is often also called feedback, as the proprioceptive signals are fed back to the motor controller.

Unfortunately this causes a lot of confusion as engineers use feedback synonymous to “negative feedback”.
14Other researchers termed different names for similar principles: morphological computation (Paul, 2006),

embodied artificial intelligence (Pfeifer and Iida, 2004), intelligence by mechanics (Blickhan et al., 2007),
or feed-forward preflex control (Cham et al., 2000). We prefer to simply call those processes exploitive
control (Kalveram et al., 2005) or exploitive actuation (Kalveram and Seyfarth, 2009).
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Figure 1.5: Spring-mass model for hopping (Blickhan, 1989). The point mass m represents the
body, and the leg function is represented by a spring. The leg force is proportional to the
leg deformation FL = −k(y − L0) = −k∆L. Force is only generated during stance phase
(Equation (1.1)) as indicated by the black arrows. This model is a template for human and
animal locomotion (Full and Koditschek, 1999).

On the continuous level of movement execution, however, the control instance leaves it to
the physics of its own body to realize these goals (Kalveram et al., 2012). A characteristic
of exploitive actuation is that it demands only minimal control effort compared to classical
control solutions (see Chapter 3).

1.5 Exploitive muscular actuation in hopping

When muscles are used to generate movements, their distinct mechanical properties certainly
play an important role15. In jumping simulations, van Soest and Bobbert (1993) found that
perturbations have much less influence on take-off posture when the model is actuated by
muscle dynamics instead of joint moment control. It appears that muscle properties are
able to compensate for perturbations and facilitate the convergence of dynamic explosive
movements. The authors concluded that the intrinsic muscle properties represented by
the force-length-velocity relation in Hill-type muscle models (Equation (1.3)) act as a zero
time delay peripheral feedback system. Thus, the mechanical properties of the muscle itself
represent a functional “feedback” system. Because of the zero time delay, Brown et al. (1995)
coined the term “preflex” for all mechanical actions, whether stabilizing or not, emerging from
these intrinsic properties.
In hopping simulations, the interplay of predefined activation pattern and preflex prop-

erties of the mechanical system can be studied. It was found that they compensate for
unexpected changes in surface stiffness by adjusting the leg stiffness (van der Krogt et al.,
2009) as known from experiments (hopping: Moritz and Farley (2004), running: Ferris et al.
(1999)). While van der Krogt et al. (2009) showed that passive preflex dynamics can ne-

15The following paragraphs are in essence a summary of my first article on this topic (Haeufle et al., 2010a).
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gotiate such perturbations without any adaptation of the neural activation pattern, Geyer
et al. (2003) demonstrated that a combination of muscle properties and simple propriocep-
tive feedback control can also generate stable periodic movements like vertical hopping. In
addition, Geyer and colleagues discussed the necessity of specific muscle properties for the
stabilization. They found that for hopping the force-length relationship can be neglected
without losing periodic stability. In a similar way, McMahon (1984), Hogan et al. (1987)
and Blickhan et al. (2007) mentioned a stabilizing effect of the force-velocity characteristic.
Gerritsen et al. (1998) explicitly showed that a walking model with disabled force-velocity
relation could not compensate for dynamic perturbations.
Based on these findings, we (Haeufle et al., 2010a) investigated which level of biologically

observed complexity of the force-length and force-velocity curves (Equation (1.3)) is required
for hopping. For this purpose, the leg force in Equation (1.1) was modeled as a muscle
FL = FM = A · Fl · Fv · Fmax (Equation (1.3)). The approach was to stepwise increase
the complexity of the force-length and force-velocity curves from constant (= 1, thus has no
effect) to linear to non-linear phenomenological fit of the biological data. With this approach
it was possible to show that the force-velocity relation is responsible for the stabilization of
periodic hopping patterns. We found a faster convergence after perturbations with increasing
complexity of the force-velocity relation. The characteristics of the force-length relation only
marginally influenced hopping stability.
The main chapters of this thesis can all be seen as a consequence of these findings: In Chap-

ter 2 the interaction of intrinsic muscle properties with different simple control approaches is
investigated. In Chapter 3 a new method to quantify control effort is developed to evaluate
the “exploitive” character of actuation. Both chapters again emphasize the importance of the
force-velocity characteristics. Thus, Chapters 4 and 5 investigate the physical origin of the
force-velocity relation on a macroscopic level in order to better understand muscle function
and promote model based design principles for bio-inspired artificial actuators.

1.6 The test trilogy

In physics, experiments quantify nature, theory combines findings and predicts new results,
which then have to be verified in experiments and so on (Feynman, 1994). This is the
way how fundamental laws are discovered, formalized, and tested. In the study of human
movement generation, this approach is very difficult for two main reasons: (1) The human
organism is extremely complex and it is difficult to analyze single structures and theorize
about their (isolated) function as it is often done and required in physics. (2) It is unethical
to perform experiments by isolating structures from the living human organism to study
their function. Thus, theories about movement generation are extremely difficult to validate
in experiments.
Kalveram and Seyfarth (2009) proposed a strategy for a thorough investigation of move-

ment generation theories: the “test trilogy”. They demanded the following tests: a simulation
test to verify that the theory is logically precise; a hardware test to verify that the theory
is physically sound, and a behavioral comparison test to show the biological relevance of the
theory.
From a physics point of view these demands seem almost self-evident, but they are often

22



1.7 Robots as experimental tools

difficult to realize in biomechanics. Nevertheless, the importance of the three tests can
be seen already from the introduction above. Figure 1.1 represents primarily a verbal or
graphical representation of a theory about movement generation. Only if it can be rewritten
in a mathematical model and only if a simulation of such a model predicts the anticipated
movement, the theory is logically sound and thus passes the simulation test.
The hardware test reveals whether the theory can work in the real world with real physical

effects not considered in the simulation, e.g., friction, signal noise, gravity. Although the
spring mass model passes the simulation test and is a valuable tool for analyzing legged
locomotion, it cannot pass the hardware test as there exist no real purely elastic materials.
Thus, it has to be discarded as an explanation, how locomotion is generated16.
The basis for the behavioral comparison test is the Cybernetic analogy between biological

and technical automata (Wiener, 1948), with additional guidance of the simulation results. If
the systems perform similar tasks and react to perturbations in a similar way, the movement
theory is adequate.
If all three tests are applied, the recursive interaction between theory and experiments can

be established for the study of biological movement. This thesis follows the path of the test
trilogy with a focus on simulation tests, but hardware and behavioral comparison tests are
also presented. Additionally, the mechanical concept for an artificial muscle (Chapters 4 and
5) could lead to the development of robots used for the hardware test of complex biological
behavior.

1.7 Robots as experimental tools

In recent years, robots have become more and more popular as tools to study human and
animal movement. They can be used as tools for the hardware test. The benefit is clear:
In a robot, it is possible to include only those structures that are hypothesized to play a
functional role. It is also ethically unobjectionable to disengage parts and even approach
structural limits in experiments with robots.
“The advantage of using robots is that embodiment can be investigated quantitatively:

robots are much simpler to manipulate and monitor. That is, first, we can change the control
structure without much effort, and we can even manipulate the morphology relatively easily.
Second, all sensory stimulations, motor signals, and internal states can be recorded as time
series for further analysis. Having discovered some principles or put forth some hypotheses,
we can turn back into the biological realm and verify the ideas” (Hoffmann and Pfeifer,
2011).
When building humanoid or animal like robots, three approaches have to be distin-

guished17:

1. The engineering approach has the goal to build high performance robots with amazing
new technology which imitate human or animal behavior. It is often inspired by new

16It has, by the way, never been intended to do so. It simply states that the overall leg behavior during
locomotion can be described (not explained) by elastic behavior. This analogy was then used to investigate
advantages of spring-like leg behavior (Blickhan, 1989).

17This classification originated from a personal communication with Prof. Kalveram.
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sensor precision, new computational power and speed, or new mechanical design possi-
bilities. Here, biology inspires the overall capabilities, the desired tasks, and the design
criteria. Examples are the robots designed by Raibert (1986), Honda’s humanoid robot
Asimo (Hirose and Ogawa, 2007), humanoid robot Lola (Buschmann et al., 2007), or
humanoid manipulator Justin (Albu-Schäffer et al., 2008).

2. The biomimetic or bio-inspired approach is to transfer biological principles of struc-
ture and function to robots. Here, biology offers input for new technologies which
may even outmatch the biological role model. Examples are the caterpillar-inspired
robot “GoQBot” (Lin et al., 2011), the cat like robot “Cheetah” with springs in the
legs representing major muscle groups (Rutishauser et al., 2008), the “athlete robot”
using two spring-like legs similar to state of the art sprinting prosthesis actuated by
pneumatic muscles (Niiyama et al., 2012), or the BioBiped with series elastic actuators
representing the nine major muscle groups in the human leg (Radkhah et al., 2011).

3. The inverse biomimetic approach focuses on the function and diversity of human or
animal behavior. Here, biology is the actual object of the study, not the robot. Engi-
neering techniques are simply used to derive and test concepts which explain observed
behavior. In this approach, reduced robots are required that are confined to express
the function under consideration. Examples are the walking robot used to validate
models of the function of ankle push-off in walking (Renjewski and Seyfarth, 2012),
and PostuRob, a robot build to test models on human stance control (Mergner et al.,
2006; Mergner, 2010).

The three aspects are, of course, closely related to each other and some of the given examples
may also partially belong into other categories. For the purpose of the test trilogy, only the
inverse biomimetic approach (3) leads to suitable test platforms for the hardware test.
In this thesis, two hardware platforms were used. The first is a hopping monopod robot

called “Marco” (Kalveram et al., 2008), which was developed at the Locomotion Lab, Uni-
versity of Jena. This robot was used to test the hopping regimes based on the spring-mass
model with different energy supply methods (Section 1.4 and Chapter 6). A second plat-
form was used to test the real world functionality of mechanical macroscopic muscle models
(Chapters 4 and 5).

1.8 Artificial muscles and muscle like actuators

As stated earlier, the goal of this research is to expand knowledge from isolated muscle
experiments towards an integrated movement control view. In the end, we would like to
understand human locomotion. With respect to the test trilogy, comprehensive musculo-
skeletal models of legged locomotion (e.g., Günther and Ruder, 2003; Geyer and Herr, 2010)
present successful simulation tests for movement control hypotheses. They can already be
compared to detailed datasets of human locomotion (e.g., Lipfert, 2010), but the hardware
test is not quite possible yet. One reason is that no muscle-like artificial actuator exists that
can drive the test-robots adequately. The mechanical concept presented in Chapters 4 and
5 could lead to such artificial muscles.
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1.8 Artificial muscles and muscle like actuators

As described in Section 1.3, biological muscles have a distinct microscopic structure, which
cannot be replicated in technical actuators. But the microscopic structure and the way how
the active forces are generated on the molecular level, result in specific macroscopic charac-
teristics that are important for biological movement control (Section 1.5). These are (1) the
contraction dynamics approximated by the force-length-velocity relation (Equation (1.3)),
(2) almost no damping forces when the muscle is not activated (A = 0 in Equation (1.3))
and (3) the inherent compliance due to elasticity of muscle belly and tendon, represented by
serial elastic elements in macroscopic muscle models.
In literature, various types of, and construction principles for muscle-like actuators are

documented. One approach to achieve compliant joint behavior is active torque-based control
(e.g., Albu-Schäffer et al., 2008). Here, the position y of a stiff actuator, e.g., an electro
motor with gear, is measured and the actuator output torque is controlled proportional to
the position (T = −k∆y) mimicking elasticity. In theory, the whole muscle function could
be mimicked just by controlling the actuator force according to a muscle model Hannaford
et al. (2001); Klute et al. (2002); Seyfarth et al. (2007). Problems arise, however, from the
limitations of sensor and actuator precision, control loop time delays, and sampling time
(Albu-Schäffer et al., 2008). Although electro-magnetic drives show hyperbolic speed-torque
characteristics (Frank and Schilling, 1998), the fast rotating electric drives are normally
combined with gearing mechanisms to adapt moments and velocities of walking machines
and robots to commonly used values. However, the friction of the actuators themselves
and their gearing mechanisms as well as their inertial properties (reflected inertia) inhibit
muscle-like performance.
To overcome these limitations, recently, a variety of actuators have been coupled to serial

elasticities implementing mechanical elastic properties as e.g. known from tendons in biology
(Pratt and Williamson, 1995; Pratt et al., 2002; Chee-Meng et al., 2004; Albu-Schäffer et al.,
2008; Hurst and Rizzi, 2008; Wyeth, 2008; Ham et al., 2009; Taylor, 2011). The benefits
of such series elastic actuators as compared to traditional "stiff" actuator design concepts
are shock tolerance, lower reflected inertia, more accurate and stable force control, less
damage to the environment, and energy storage (Pratt and Williamson, 1995). The actuators
themselves, however, do not yet incorporate muscle-like contraction dynamics.
Pneumatic artificial muscles (McKibben muscles), are inherently compliant (Chou and

Hannaford, 1996; FESTO, 2000; Daerden and Lefeber, 2002) and were already used to drive
a walking robot (Vanderborght et al., 2006a). These actuators produce maximum shortening
ranges of ≈ 30% (i.e. not more than half the value of biological muscles) and damping charac-
teristics during concentric contractions are also traceable (Tondu and Lopez, 2000; Kerscher
et al., 2006). To mimic muscle contraction dynamics even closer, Klute et al. (2002) used a
non-linear damping element in parallel, and a non-linear elastic tendon in series to a pneu-
matic actuator. Even muscle-like hyperbolic force-velocity characteristics have been shown
(Tondu and Zagal, 2006). Nevertheless, pneumatic actuators have inherent problems that
are difficult to overcome: non-constant volumes during contractions, significant hystereses
already at low velocities and pressures, lower maximal shortening values compared to bio-
logical muscles, lower energy efficiency and the incorporation of non-physiological masses.
Thus, they require “extra design and control effort” (Vanderborght et al., 2006a).
There is a large variety of new materials for actuators (Madden, 2007; Karpelson and

Wood, 2008). Examples are dielectric elastomers (Pelrine, 2002; Carpi et al., 2010; Chuc
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et al., 2011), shape memory alloys (Lin et al., 2011), piezoelectric cantilevers (Wang and
Cross, 1998), carbon nano tubes (Foroughi et al., 2011), and others. For most of these, the
term “muscle” applies only in the sense that they contract, or even only generate controllable
force.
All these approaches try to mimic the phenomenological characteristics of biological mus-

cles to some extent. As will be discussed in detail in Chapters 4 and 5, a new mechanical
muscle model (Günther and Schmitt, 2010) could serve as a design concept for functional
artificial muscles.
Finally a note on new possibilities of tissue engineering. It is nowadays possible to cul-

tivate animal heart- or skeletal muscle cells to engineer actuators (e.g., Akiyama et al.,
2010). These approaches, however, will not help to understand the principles of movement
generation and will in the foreseeable future not allow to build prosthetic devices replacing
lost limbs as a whole. In the long term this might offer a possibility to regenerate or even
replace muscle tissue. Whether this is desirable or not has to be determined in discussions
within ethical boards.

1.9 Quantification criteria
If biological systems have and can exploit beneficial intrinsic characteristics the question
arises, how their benefit could be quantified? Several criteria known in physics have already
been adapted and used for this purpose. Most commonly these are performance measures,
such as velocity or jumping height; e.g., Usain Bolt reached an average speed of 10.4 m/s
during his 100 m world record of 2009 (IAAF, 2010) compared to the peak speed the fastest
humanoid robot Mabel reached, namely 3.1 m/s (Sreenath et al., 2012). Physics offers many
more quantitative criteria. However, even if the criteria are well defined, it is not always
straightforward to apply them. In this section a few criteria are mentioned and discussed.
Mechanical efficiency is a simple, yet strong measure of advantages. It is the relation

of mechanical work output Wout to energy input Ein

η =
Wout

Ein
. (1.6)

If one type of actuator can generate movements more energy-efficiently than others, it could
be more easily used in prosthetic devices or robots (smaller and lighter battery/energy har-
vester). Interestingly, the literature is contradictory in this measure with respect to muscles.
On the one hand, isolated muscles were found to have a peak efficiency (positive work done
divided by the energetic equivalent of the oxygen consumed) of approximately η = 0.15
for rat soleus muscle or η = 0.25 for frog sartorius muscle (Heglund and Cavagna, 1987).
Electric motors, on the other hand, reach efficiencies of η > 0.9 (Hsu et al., 1998). Still,
researchers use artificial muscles in robots and prostheses “in order to reduce energy con-
sumption” (Vanderborght et al., 2006a). Apparently, they are expected to be more efficient
in a natural movement like walking. One reason is the possibility of storing energy in the
tendon and within the muscle fibers themselves (Cavagna, 1970; Heglund and Cavagna, 1985;
Dickinson, 2000). In a study comparing experimental data to a macroscopic Hill-type muscle
model (including tendon) it was shown that mechanical efficiency can be up to 0.92 in muscle
stretch-shorten cycles (Ettema, 1996).
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The enthalpy rate is a sum of rates of energy portions an actuator has to generate in
order to gain its net mechanical power output. Barclay (1996) summed up the rates of heat
Q̇ and work output during shortening Ẇ to get the enthalpy rate Ḣ = Q̇+ Ẇ including the
maintenance heat rate necessary to obtain muscle stress or force at rest. In a model approach
Günther and Schmitt (2010) compared the enthalpy rate, defined as the theoretical minimum
power input of an actuator, with other model approaches and experimental data:

Ḣ = |FM · l̇M |+ ḣ+ ḣ0 . (1.7)

Here |FM · l̇M | is the net mechanical power output of the muscle (muscle force times muscle
contraction velocity), ḣ the heat rate due to muscle shortening (dissipated energy), and
ḣ0 the maintenance heat rate. In the evaluation of actuator performance the maintenance
heat rate, as considered in the enthalpy rate, is an important factor. For example, when
holding a load, a muscle performs no mechanical work but takes up energy. The mechanical
efficiency in this case is simply η = 0 independent of the mechanism and thus cannot be
used to compare different mechanisms. Holding a certain quasi static position is, however,
a common task for humans.
The enthalpy rate reveals differences between muscle models more clearly: The muscle

model investigated in Chapters 4 and 5 allows to reproduce the force-velocity relation for
different sets of parameters. Evaluating the enthalpy rate as another criterion allowed us to
pinpoint one consistent parameter set (Schmitt et al., 2012).
Stability and robustness are criteria rather related to specific movements than to a

muscle, an actuator, or a drive, which itself cannot per se be stable or unstable. These
measures are derived from the study of nonlinear systems18. In engineering, they are used
to describe the capability of a feedback control systems to generate and to stabilize state
trajectories under the influence of perturbations. Perturbations can arise from external forces
acting on a system, as well as deviations of the initial state, the system parameters, or the
input/sensor signals (Hinrichsen and Pritchard, 2010).
If a system performs periodic movements, the current state ~x(t) describes a closed loop

trajectory in state space. Such a closed loop trajectory is called a limit cycle. If the system
is perturbed, it deviates from the limit cycle. With stability analysis it is possible to predict
its capability to return to the original limit cycle. The stability analysis for a limit cycle can
be quite complicated. It can be simplified if, instead of looking at the whole trajectory, one
analyzes only a characteristic section through the state space, a so called Poincaré map (or
return map). For the hopping model (Equation 1.1), a meaningful section can be obtained
by mapping the apices of the hopping pattern (highest points, ẏ(t) = 0). This Poincaré
section is called the “apex return map”. The apex return map is the dependency of apex
height y1 on release height y0: y1(y0) (Full et al., 2002; Rummel and Seyfarth, 2008). For
periodic hopping the apex height after one hopping cycle is identical to the release hight
y1 = y0. In the apex return map such a periodic solution is represented as a fixed point yfix
with y1(y0) = y0 = yfix. A perturbation of release height (y0 = yfix + ∆y0) generally causes a
deviation of the hopping height (y1 = yfix + ∆y1). For a stable fixed point the perturbation
diminishes during the cycle (|∆y0| > |∆y1|). Thus, the slope S = dy1/dy0 of the return map

18For further reading on “nonlinear dynamics” I recommend (Vogel, 2006, chapter 20) and (Strogatz, 2001).
This section is based on these references.
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y1(y0) in the neighborhood of a fixed point is a measure for stability against infinitesimal
perturbations. The trajectory converges to its periodic solution after a small perturbations
if |S| < 1. Therefore, we call hopping model solutions with |S| < 1 stable. A solution is
unstable for perturbations growing from step to step (|S| > 1). If a perturbation remains
constant from step to step (|S| = 1) the model has indifferent behavior (neutrally stable).
This concept of stability can also be applied to biological locomotion (Full et al., 2002). In

this thesis it was applied to the one-dimensional hopping model (Chapter 2). Here, specific
characteristics of the biological system can be tested for their contribution to movement
stability (Blickhan et al., 2007; Grimmer et al., 2008). For a biological system it is important
to generate stable and robust movements. As described in Section 1.5, muscles play an
important role in the stabilization of movements. In the sense of exploitive actuation, the
stabilizing capability of an actuator is therefore an important measure.
In this thesis we use the term “robustness” (R) as a measure of how large a perturbation can

be before the system gets unstable. With this approach robustness is similar to the “basin
of attraction” or the “stability radius” (Qiu et al., 1995) known from nonlinear dynamic
methods.
Control effort: The term exploitive actuation implies reduced requirements for the con-

trol algorithm in a well-designed system compared to one without suitable mechanical proper-
ties. This difference in control effort is considered an important feature of biological systems.
Especially as the number of degrees of freedom seems to be excessive. Additionally, control
in a real system is not an abstract mathematical rule, it has to be physically implemented.
Such a physical implementation costs energy (Polani, 2009) and therefore has to be quanti-
fied somehow. In Chapter 3, a new measure for control effort is introduced. In contrast to
the previously used measures of control effort, it allows the quantitative comparison of very
different actuation systems like muscles and electric DC-motors.
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2
Integration of intrinsic muscle properties,

feed-forward, and feedback signals in hopping

As discussed in Chapter 1, the mechanical design, the control method, and the interaction
with the environment contribute to the movement generation in a biological system. To
investigate their interaction, a simulation study on hopping is presented in this chapter. A
one-dimensional hopping model driven by a Hill-type muscle model was studied. It was
investigated, whether a combination of feed-forward and feedback signals improves hopping
stability compared to those simulations with one individual type of activation. Also, the
muscles’ contraction characteristics were varied to study their influence on hopping stability.
Parts of this chapter have been published in the Journal of the Royal Society, Interface,
9(72), 2012.

2.1 Control schemes

In Hill-type muscle models, the muscle force depends on the current state of the muscle,
i.e. muscle length, muscle contraction velocity, and muscle activation (see Equation (1.3)).
Whereas force-length and force-velocity relations are intrinsic properties of a muscle, activa-
tion is an extrinsic variable that is considered to adjust the muscle for different tasks.
Physiologically, an appropriate muscle activation is generated via motor commands from

the central nervous system consisting of brain and spinal cord. When coming from the
brain via descending pathways, the motor commands could depend on a movement error
signal, i.e. the current deviation from a planned movement trajectory, as the quantity to be
minimized (Kawato, 1999). In engineering and cybernetics, this method is termed negative
feedback control (Section 1.4). As an alternative to negative feedback control, generation of
discrete and rhythmic1 movements could be provided in a feed-forward manner. Rhythmi-
cal feed-forward activation patterns (e.g., Prochazka et al., 2002; Ijspeert, 2008; Dickinson,
2000) could be generated by central pattern generators (CPG’s) (Loeb, 1989) which were

1Rhythmic patterns could also be seen as repeated discrete movements (Degallier and Ijspeert, 2010).
Hogan and Sternad (2007) proposed a concept to define and distinguish the characteristics of rhythmic
patterns. They stated that the complex biological movements may be a superimposition of both, discrete
and rhythmic tasks.
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proven to exist in biology and are conceptionally used in biomechanical models. CPG’s are
hierarchically on a lower level than the brain (Rybak et al., 2002) and presumably located
in the spinal cord (Duysens, 1998).
The central nervous system incorporates peripheral sensory information from propriocep-

tive muscle sensor organs (Dickinson, 2000; MacKay-Lyons, 2002; Zehr, 2005), e.g., muscle
spindles (measuring length and velocity of stretch and contraction) and Golgi tendon or-
gans (measuring muscle force). While negative feedback control necessarily depends on the
feedback of sensory information (error signal), CPG feed-forward control may also require
sensory information to reset or to adapt the phase of the rhythmic signal (e.g. Righetti,
2006; Ivanenko et al., 2006; Prochazka and Yakovenko, 2007; Aoi et al., 2010; Proctor and
Holmes, 2010). Apart from this centralized incorporation of sensor signals, there is evidence
of decentralized circuits, which directly couple sensor signals to muscle stimulation in direct
feedback loops (Stein, 1974; Loeb, 1989).
Such decentralized proprioceptive feedback could also be responsible for generating a cer-

tain movement. For example, Geyer et al. (Geyer et al., 2003) showed that proprioceptive
signals can produce a muscle activation pattern resulting in periodic human hopping. Here,
the hopping movement is neither a result of a planned trajectory nor a predetermined pat-
tern, but a result of the direct coupling of proprioceptive sensory signals to muscle activation.
The hopping model of Geyer and colleagues consisted of a two-segment leg with one Hill-type
knee extensor muscle (contractile and series elastic element). Three different proprioceptive
signals (muscle force, length and contraction velocity) were delayed, gained and added or
subtracted to a stimulation bias. The resulting stimulation was fed back to the muscle via
excitation contraction coupling (ECC). Positive force feedback and positive length feedback
were found to generate appropriate activation patterns for periodically stable hopping. Fur-
thermore, such decentralized feedback could rapidly adapt to disturbances and thus, stabilize
bouncing gaits. In contrast, in the literature several authors used feed-forward activation
patterns to actuate models for human jumping (van Soest and Bobbert, 1993; van Soest
et al., 1994; van der Krogt et al., 2009) and hopping (Haeufle et al., 2010a).
If it is assumed that biologically both actuation concepts are present and involved in loco-

motion (Delcomyn, 1980; Zehr, 2005; Paul et al., 2005), the question arises which functional
benefit is achieved by the combination of these mechanisms (Dickinson, 2000)? In a model
for insects Proctor & Holmes (Proctor and Holmes, 2010) found that an isolated antagonis-
tic muscle system can partially compensate the effects of an additional load if feed-forward
CPG activation is combined with tonic proportional force feedback. Also from an engineer-
ing perspective, Kuo (2002) demonstrated a performance advantage by the combination of
feed-forward and feedback controllers. The advantage is that the sensitivity of feed-forward
control against perturbations and the sensitivity of feedback strategies to sensor noise can
be reduced. While this approach considers the combination of different control schemes, it
does not consider the dynamics emerging from the interaction of the control system with
intrinsic properties of the underlying musculo-skeletal system (Biewener and Daley, 2007;
Dickinson, 2000).
Interestingly, the stability of human hopping models fundamentally relies on the represen-

tation of intrinsic muscle properties (e.g., constant, linear or non-linear force-length-velocity
relation) and is less influenced by the activation pattern itself (Haeufle et al., 2010a). Fur-
thermore, the force-velocity relation was found to be necessary for hopping stabilization
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while the force-length relation could be removed. This result holds for optimized prede-
termined activation (Haeufle et al., 2010a) as well as proprioceptive feedback (Geyer et al.,
2003) generated activation. It becomes obvious that a tight integration of intrinsic properties
with feed-forward and feedback actuation is a key feature of locomotion (Paul et al., 2005;
Pearson et al., 2006), especially in challenging environments, e.g. uneven terrain (Biewener
and Daley, 2007).
Therefore, we hypothesize an improvement of stability in hopping movements through the

integration of adequate representation of intrinsic muscle properties and the combination of
feed-forward and feedback actuation.
To test this hypothesis we analyzed two template models for human hopping2. The intrin-

sic muscle properties were represented in different levels of detail, as proposed in (Haeufle
et al., 2010a): a reduced model with only linear force-velocity relation and a complex model
with Hill-type force-length and force-velocity relations. Both models were driven by differ-
ent feedback modes as well as a combination of feedback and feed-forward activation, and
investigated for stability.

2.2 Methods

2.2.1 Hopping model

The one-dimensional human hopping model used for this study has been published before
(Haeufle et al., 2010a). It is based on the differential equation for hopping (1.1). The leg force
was generated by a single muscle FL = FM represented by a Hill-type contractile element
(Equation (1.3)):

mÿ = −mg +

{
0 y > L0 flight phase
A(t)Fl Fv Fmax y ≤ L0 ground contact

, (2.1)

where A(t) was the activation state, Fl(y) the force-length relation, Fv(ẏ) the force-velocity
relation and Fmax the maximal isometric contraction force of the muscle (see also Section 1.3).
No gearing between leg force and muscle force was represented (Figure 2.1).
Force-length relation and force-velocity relation were represented in different approxima-

tions (linear, nonlinear) to the physiologically observed characteristics (Haeufle et al., 2010a,
fig. 2 ). Here, we show the results for the simplest model allowing stable periodic hopping
M[const, lin] and the most realistic model M[Hill, Hill] (Figure 2.2).
The simple model M[const, lin] had a constant Fl and a linear Fv dependency:

FlM[const, lin] = 1

FvM[const, lin] = 1− µv

where µ describes the slope of the linear force-velocity curve. The more complex model
M[Hill, Hill] had nonlinear Hill-type Fv and Fl dependencies:

2The concept of template models (Full and Koditschek, 1999) is discussed in Section 2.4.4.
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Figure 2.1: Template model for hopping, scaled to human hopping. Hopping model consists of a
point mass m representing the body and a conceptual ’leg muscle’, which generates the force
in positive y-direction (indicated by thick upward arrow). The ’leg muscle’ is reduced to an
inverse contractile element (inverse CE), which produces a pushing rather than pulling force
during stance (indicated by the black arrows). The sketch on the right visualizes that this is
equivalent to a pulling contractile element clamped in a stiff mechanical construction to redirect
the force. Analyzed are hopping cycles defined by two subsequent apices and cycle time T . y0 is
the release height and h = y1 − L0 the hopping height. Stance phase occurs when the distance
y of the mass to the ground is y ≤ L0 (indicated by the shaded area). From (Haeufle et al.,
2010a).

FlM[Hill, Hill] = exp

[
-c
∣∣∣∣L− Lopt

Loptw

∣∣∣∣3
]

(2.2)

FvM[Hill, Hill] =

{
vmax+v
vmax−Kv v > 0

N + (N − 1) vmax−v
−7.56Kv−vmax

v ≤ 0

where Lopt is the optimal length of the muscle for maximum force, w the width, and c the
curvature of the bell-shaped force-length relation as described in Hill-type muscle models
(e.g. Geyer et al., 2003). For the concentric phase (v > 0) K is the curvature parameter and
vmax the maximum contraction velocity. The eccentric phase (v ≤ 0) is characterized by an
equation based on (Geyer et al., 2003), where N represents the dimensionless force FM/Fmax

at v = −vmax. Parameter values were chosen to represent human hopping (Table 2.1).
The model was implemented in Matlab 7.4 (R2007a) using the Simulink 6.6 toolbox (Math-

works Inc., Natick, MA, USA). The embedded ODE45 integrator with a maximum step size
of 10−3 s and absolute and relative error tolerance of 10−12 was used for the simulation.

2.2.2 Activation by proprioceptive feedback

Muscle activation state A(t) is related to the neuronal stimulation input STIM (t) by the
excitation contraction coupling (Equation (1.5)), which basically acts as a low-pass filter
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Figure 2.2: Muscle force FM is defined by a Hill-type approach where A represents the muscle
activation, Fl the force-length relation, Fv the force-velocity relation, and Fmax the maximum
isometric force (Haeufle et al., 2010a). The activation either is generated by proprioceptive
feedback (figure adapted from (Geyer et al., 2003)) or is an optimized feed-forward pattern
A(t) or a combination of both. In the case of feedback, the stimulation is generated from
force/velocity/length signals, which are delayed (by δ), amplified by the gain G, and added
to the pre-stimulation STIM 0 before being coupled to the activation (excitation contraction
coupling ECC, Equation (1.5)). Force-length and force-velocity relation are represented in
different levels of detail. In the simple model M[const, lin] there is no force-length dependency
considered and the force-velocity relation is a linear approximation. In the more complex model
M[Hill, Hill] Fv and Fl have nonlinear Hill-type dependencies. The maximum operating ranges
during optimal periodic hopping are indicated by the grey areas. The force-length relation is
plotted in reference to the leg compression ∆L = y − L0.

with the time constant τ . Muscle stimulation 0 ≤ STIM (t) ≤ 1 is generated from the
proprioceptive feedback signals muscle force F , contraction velocity v, and muscle length
L. For this, these proprioceptive signals are multiplied by the gain factors GF , Gv, GL

respectively and delayed by δ:

STIM (t) =

STIM 0 +GFF (t− δ) FFB
STIM 0 +Gv(v(t− δ)− voff) VFB
STIM 0 +GLL(t− δ)− Loff) LFB
STIM 0 +GFF (t− δ) +Gv(v(t− δ)− voff) +GLL(t− δ)− Loff) ALLFB

(2.3)

STIM 0 represents the pre-activation, voff and Loff a muscle spindle signal offset (Geyer et al.,
2003). Four feedback types are considered: force feedback (FFB), velocity feedback (VFB),
length feedback (LFB) and the combination of all three signals in a hybrid feedback (ALLFB).
In all feedback types the signal propagation delay δ was set to 15 ms as an estimate of afferent
pathway properties from spinal cord to leg muscles (Geyer et al., 2003).
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Table 2.1: Model parameters for human hopping. The biological relevance of these parameters is
motivated in (Haeufle et al., 2010a).

parameter value
leg rest length L0 1 m
body mass m 80 kg
gravitational constant g 9.81 ms-2

maximum isometric muscle force Fmax 2.5 kN
optimal muscle length Lopt 0.9 m
width w 0.45 m
curvature c 30
maximum velocity vmax -3.5 ms-1

curvature constant K 1.5
eccentric force enhancement N 1.5
linearFv slope µ 0.25 ms-1

excitation contraction coupling time constant τ 10 ms
feedback signal delay δ 15 ms

2.2.3 Combined feed-forward and feedback

We previously presented maximum height hopping generated by optimal activation patterns
Aopt(t) (Haeufle et al., 2010a). These optimal activation patterns represent a feed-forward
signal.
Here, feed-forward and proprioceptive feedback signals are combined:

Acomb(t) = wFB · A(F (t), v(t), L(t)) + (1− wFB) · Aopt(t) (2.4)

where 0 ≤ wFB ≤ 1 is the weighting factor between feedback (wFB = 1) and optimal feed-
forward (wFB = 0) activation.

2.2.4 Simulation protocol

To generate biologically relevant hopping patterns, the feedback parameters (gains and off-
sets) were optimized with respect to two criteria: periodic hopping height was chosen as the
primary optimization goal in order to generate hopping patterns with enough ground clear-
ance to allow for significant perturbations. The secondary criterion was a hopping frequency
of f ≈ 2 Hz, which corresponds to preferred human hopping frequencies (Melvill Jones and
Watt, 1971; Farley et al., 1991). These criteria are represented in the fitness function P
calculated from the hopping height h = y1 − L0 and hopping cycle duration T normalized
to 1 s:

P = h×

{
1 T ≤ 0.5 s

2(1− T ) T > 0.5 s
. (2.5)

Performance P equals the hopping height for cycle durations of T < 0.5 s and was penalized
for cycle durations of T > 0.5 s. This restriction of hopping cycle time was necessary as
the force-length relation in the model M[const, lin] included no physical limit for muscle
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contraction and hopping height could have increased infinitely with longer hopping cycle
duration.
A genetic optimization algorithm was used to find optimal parameters. Each individual

represents a set of 5 parameters with the limits: 0.001 ≤ STIM ≤ 1, 0 ≤ GF ≤ 2.5,
0 ≤ Gv ≤ 1.2, −100 ≤ GL ≤ 0, 1 ≤ voffset ≤ 3, and −2 ≤ Loffset − 0.9. In case of ALLFB,
all parameters were optimized simultaneously. For the other feedback-types, the limits of
the unnecessary parameters were set to 0. The initial population (n = 0) of individuals
(parameter sets) was generated randomly. These parameter sets were applied to single-
cycle hopping simulations from apex y0 to apex y1. Performance P of each individual was
calculated.
Subsequent generations (n+ 1) were derived from the 50 fittest individuals (with highest

performance P). 50 % of the next generation (n + 1) were identical copies of the 25 fittest
individuals of generation n, 25 % were created by randomly scattered pairwise recombination
and 25 % by mutation with a mutation rate of one out of five genes. To favor periodic
solutions the reached apex height y1 was passed on as starting height y0 for descendant
individuals. Starting height of the initial population was y0 = 1.05 m. The optimization was
performed with 100 individuals for 100 generations and was repeated nine times. The best
parameter set out of the nine repetitions was used for further analysis.
The resulting feedback driven hopping patterns were tested for stability against perturba-

tions of the release height with return map analysis (see Section 1.9). The return maps were
calculated for release heights of 1.01 · · · 1.20 m. If the return map y1(y0) intersects the line
y1(y0) = y0, the hopping pattern exhibits a fixed point and the corresponding stability S
was calculated. In addition, hopping patterns generated by the combination of feedback and
feed-forward signals (according to Equation (2.4)) were tested for stability. The optimization
process for the feed-forward patterns Aopt is described elsewhere (Haeufle et al., 2010a).

2.3 Results

2.3.1 Hopping with proprioceptive feedback

The direct feedback was found to be capable of producing activation patterns similar to the
optimal activation pattern (Figure 2.3). For model M[const, lin] only minor deviations from
the optimal activation pattern were found during stance phase (Figure 2.3a). For model
M[Hill, Hill], force feedback FFB and the hybrid feedback ALLFB reproduced the optimal
activation Aopt from (Haeufle et al., 2010a) fairly well (Figure 2.3b). Length feedback LFB
activation pattern shows a similar shape but with shorter duration (resulting in reduced hop-
ping height). Velocity feedback VFB cannot capture the quick rise of the optimal activation
pattern after touchdown.
The resulting force patterns (Figure 2.3c and d) reflect the observations of the activation

patterns described above. Peak forces of all activation schemes are similar in model M[const,
lin] (max(F ) ≈ 3 kN). In model M[Hill, Hill] peak forces rise up to max(F ) ≈ 3.6 kN for all
activation types except for VFB with max(F ) ≈ 2.4 kN.
Regarding the hopping height, model M[const, lin] reached with all four feedback types

nearly the optimal feed-forward periodic hopping height of h = 11.9 cm (yfix = 1.119 m)
(Table 2.2). In the non-linear model M[Hill, Hill] force feedback FFB and the hybrid feedback
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Figure 2.3: Comparison of the activation patterns resulting from the feedback parameters (Table 2.2)
and the optimal activation (A and B). The resulting muscle forces are shown in C and D. The
color indicates the type of activation (cf. legend in A). Activation pattern and resulting muscle
force are very similar in the simple model (A and C). In the more complex model force feedback
FFB and hybrid feedback ALLFB reproduce the optimal pattern better than LFB or VFB (B
and D). Curves for optimal activation patterns Aopt are taken from (Haeufle et al., 2010a).

ALLFB reached the highest hopping height (FFB: h = 6.6 cm, ALLFB: h = 6.7 cm). Hybrid
feedback does not reach much higher hopping heights in any model than a single feedback.
Hopping height was lowest for all models with velocity feedback VFB.
When comparing muscle model complexity we found increasing model complexity to result

in decreasing periodic hopping height (M[const, lin]: 11.5 cm ≤ h ≤ 11.6 m, and M[Hill, Hill]
5.5 cm ≤ h ≤ 6.7 cm, see Table 2.2).

2.3.2 Hopping stability with combined feedback and feed-forward

The return maps (Figures 2.4 and 2.5) show that optimal feed-forward activation as well as
all feedback types result in stable hopping (|S| < 1). All pure feedback types (wFB = 1)
showed a return map with positive slope (0 < S < 1) (thick colored lines) at the fixed point,
while pure feed-forward activation (wFB = 0) resulted in return maps (thick black lines) with
a negative slope (−1 < S < 0) (see also Figure 2.6). These two observations hold for both
muscle models M[const, lin] and M[Hill, Hill].
The return maps further show that the whole range of investigated disturbances in release

height (y0 = 1.0 . . . 1.2 m) were compensated as the hopping was attracted to the fixed point
(undisturbed hopping pattern). Only VFB in the M[Hill, Hill] model has a limited range of
release heights (y0 < 1.09 m).
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Figure 2.4: Return maps for model M[const, lin] show the model reaction to perturbations: y1(y0)
is the relation between release height y0 and subsequent apex height y1. Release height varied
between 1.0 m < y0 < 1.2 m. Intersections of return maps with the diagonals (dashed lines)
indicate fixed points yfix (periodic solutions with y1 = y0). Here, all fixed points are stable as
the slope S = dy1/dy0 of the return map at the fixed point is always |S| < 1. A: Comparison
of return maps with force feedback FFB (thick magenta line) and optimal activation (thick
black line). The thin lines represent the return maps for the combination of both activation
types under different weighting wFB as indicated by the color bar at the right: the brighter
the lines are, the stronger is the contribution of the feedback (higher values for wFB). The
corresponding graphs for the other feedback schemes (LFB, VFB, and ALLFB) are shown in
B, C, and D, respectively. For this analysis, the feedback parameters resulting in the highest
periodic hopping height (out of nine repetitions of the optimization) were used (Table 2.2).

Combinations of optimal feed-forward activation and different feedback modes (Figures 2.4
and 2.5, thin lines) resulted in return maps with slopes S between the two extreme cases,
namely pure optimal activation with wFB = 0 and pure feedback with wFB = 1.

Comparing the simple linear and the more complex non-linear model, we found smaller
differences in the complex model between the return maps of optimal feed-forward and pure
feedback activation. This becomes prominent by the closer alignment of the return maps
(Figure 2.4 vs. Figure 2.5). Further, the perturbation is diminished faster in the complex
model (flatter return maps). A higher hopping stability is indicated in the more complex
model (except for VFB) by smaller values of |S| (Table 2.2).
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Figure 2.5: Return maps for model M[Hill, Hill] show the model reaction to perturbations in the
apex height y0 leading to a subsequent apex height y1. Further description see Figure 2.4. The
discontinuous return map with velocity feedback (C) results from the following situation: if
the release height is too high, the contractile element driven by the velocity feedback does not
produce enough force to generate the next push off and the model collapses.

2.4 Discussion

Dickinson (Dickinson, 2000) stated that “future studies of motor control should address
the dynamic coupling among CPGs, sensory feedback, mechanical preflexes, and the envi-
ronment.” In this chapter we integrated mechanical muscle properties, feed-forward, and
feedback signals, and tested their capabilities in generating and stabilizing hopping.
We were able to show that the combination of feed-forward and direct feedback improves

hopping stability and that the more complex Hill-type representation of intrinsic muscle
properties generally leads to a faster reduction of perturbations independent of the type of
activation.

2.4.1 Performance of feedback modes

The results clearly prove that an optimal feed-forward activation pattern and a purely feed-
back driven activation lead to similar periodic hopping behavior. This becomes prominent
since activation patterns and force patterns nearly remain the same for the feed-forward and
feedback approaches (Figure 2.3). This result is surprising since it reveals that decentral-
ized feedback modes are as effective as centralized feed-forward activation. This stands in
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2 Integration of intrinsic muscle properties, feed-forward, and feedback signals in hopping

contrast to Geyer et al. (Geyer et al., 2003) where the optimal activation pattern clearly
outperformed the best feedback type (FFB) in hopping height with 19.6 cm vs. 16.3 cm. Re-
garding the different feedback types we found only minor differences in hopping height in
the M[const, lin] model (< 1 mm). The M[Hill, Hill] basically confirms the results of (Geyer
et al., 2003) that force feedback FFB leads to highest periodic hopping. However, we found
smaller differences in hopping height between force feedback FFB and length feedback LFB
(≈ 1 cm in contrast to ≈ 7 cm for the model in (Geyer et al., 2003)). The differences observed
here between the feedback types might be amplified by the more complex structures in the
model of Geyer et al. (Geyer et al., 2003), i.e. segments, muscle acting over lever arm at
joint, and tendons acting in series to the muscle.
The resulting hopping heights vary between 5.5 cm ≤ h ≤ 11.6 cm (Table 2.2). This is in

accordance with a hopping height of up to h ≈ 8.6 cm found for human periodic hopping at
preferred hopping frequency (Farley and Morgenroth, 1999). In addition, the chosen hopping
frequency of 2 Hz corresponds to the preferred frequency in human hopping (Melvill Jones
and Watt, 1971; Farley et al., 1991). Therefore, the criteria used for the optimization in this
study (periodic hopping, f ≥ 2 Hz, maximum hopping height) led to biologically relevant
hopping performance.
Regarding hopping stability, we found stable solutions for all feedback types. However, the

capability to quickly reduce a perturbation is clearly better with force and length feedback
than with velocity feedback, i.e., the slope of the return map |S| at the fixed point is flatter
for FFB and LFB (Figures 2.4 and 2.5). Furthermore, in the complex model M[Hill, Hill]
VFB is not capable to reject perturbations larger than 2 cm. This means that FFB and LFB
outperform VFB with respect to hopping performance. This behavior can be inherited by
more complex models (Geyer et al., 2003).

2.4.2 Benefits of combining feedback and feed-forward

Both optimal feed-forward and feedback activation can produce the same periodic hopping
patterns. However, when introducing perturbations, the stabilizing response can be clearly
distinct. The return maps of feed-forward activation have a negative slope (−1 < S < 0) at
the fixed point, while the return maps of all feedback modes have a positive slope (0 < S < 1)
(Figure 2.4 and 2.5). Disturbances in case of a positive slope S are rejected in an monotonic
manner (Figure 2.6). This means that with every hop, the perturbation is reduced by
a certain fraction ∆yi+1/∆yi ≈ S. In case of feed-forward with a negative slope S the
consecutive apices are alternatingly too high or too low and only the norm |∆yi+1/∆yi| of
the perturbation is reduced in every cycle (Figure 2.6). Despite this qualitatively different
reaction to perturbations they diminish with both types of activation within a few cycles.
Therefore, the type of stabilization (negative or positive slope) reflects system properties
whose biological relevance is still unclear. Interestingly, only this difference facilitates a
combination of feed-forward and feedback signals which results in optimal stability (S = 0).
In the literature, it is widely accepted that locomotion is controlled by a combination

of feed-forward signals (e.g. from a CPG system) and direct proprioceptive feedback (e.g.
from muscle sensor organs) (e.g., Dickinson, 2000; MacKay-Lyons, 2002; Nielsen, 2003; Zehr,
2005; Prochazka and Yakovenko, 2007; Friesen, 2009). For instance, in a simulation study
on human walking Paul et al. (Paul et al., 2005) found indications that sensory feedback can
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The response of the feedback driven model is a monotonic decay of the perturbation towards
the periodic hopping with respect to the new (lower) ground level. B: With feed-forward
activation Aopt the periodic hopping height yfix is approached in an alternating pattern. C:
Combined feedback and feed-forward activation can compensate the perturbation in one cycle.
This behavior is indicated by the sign of the slope S of the return map (S < 0: alternating,
S > 0: monotonic, S = 0: compensation in one cycle) (Figure 2.4). This figure symbolizes the
principle and is not drawn to scale.

have a positive effect on the stability of a walking patterns generated by rhythmic activation.
The stabilizing influence of feedback was also reported for feed-forward generated insect
locomotion (e.g., Proctor and Holmes, 2010; Proctor et al., 2010). However, the interaction
mechanisms and benefits are often unclear.

In our study, the improved stability of the hopping simulations driven by combined feed-
forward and feedback actuation could be quantified and compared to those simulations using
exclusively one actuation type. All return maps from combined activation lay within the
range given by the pure signals (Figure 2.4 and Figure 2.5). At the fixed point the slope of
the return maps is closer to zero, implying faster reduction of perturbations than the pure
activation schemes. Interestingly, this is only possible because feed-forward and feedback
actuated hopping results in alternating vs. monotonic rejection of the perturbation (Fig-
ure 2.6). In fact, only this difference allows selection of a weighting factor ω resulting in
patterns with slope S = 0 and thus facilitates a combination of feed-forward and feedback
signals which results in optimal stability. From these results it can be predicted that a com-
bination of feed-forward and feedback is beneficial to all systems, reacting to perturbations
in this opposing way.

There is also experimental evidence of simultaneous contributions of feedback and feed-
forward signals. For example, in human hopping both contribute to the early EMG burst
after landing (Zuur et al., 2010) or to adapt walking patterns against movement resistances
(Lam et al., 2006). Our study shows that one resulting benefit of the combination is an
improved disturbance rejection. We can speculate about other benefits of the combination
of feedback and feed-forward signals. One advantage could be that the organism can rely on
a well known and trained pattern but adds some flexibility by using sensory feedback. Also,
the shape of the trained pattern could be much less critical if reflex pathways are provided
at the same time. Or the redundancy of control possibilities could be a safety measure to
compensate the (temporary) loss of one of the systems.
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2 Integration of intrinsic muscle properties, feed-forward, and feedback signals in hopping

2.4.3 Stability arises from exploitive actuation

In the literature, the paradigm exists that a feed-forward strategy cannot generate adaptive
movement patterns ensuring stability for uneven terrain (e.g., Daley et al., 2009; Friesen,
2009; Kuo, 2002). Our feed-forward driven model can reject perturbations of more than
13 cm (for a 1 m leg length). Therefore, we can dispel such doubts about the feed-forward
strategy not being able to properly adapt to altering terrain in hopping. Another paradigm
is that instabilities arise from the signal delays in a pure feedback strategy (e.g., Daley et al.,
2009). Although our feedback driven model incorporates signal delays of 15 ms, it results
in very stable hopping patterns. In both cases, the key is the integration of the control
strategy with intrinsic muscle properties. Several other studies confirm the role of intrinsic
muscle properties for compensating perturbations, e.g., variations in starting position for
explosive jumping (van Soest et al., 1994), unexpected changes in surface stiffness during
hopping (van der Krogt et al., 2009), sudden external forces during walking (Gerritsen et al.,
1998), and perturbations while holding a load (Blickhan et al., 2003). These intrinsic muscle
properties may provide rapid responses to perturbations, for instance mechanical preflexes
as described by Brown & Loeb (Brown and Loeb, 2000). The control mechanism can rely
on these mechanical properties and exploit them (Kalveram et al., 2005). In this concept
of exploitive actuation, furthermore, the movement trajectory has not to be planned and
compared to the current movement, but rather emerges from the intrinsic properties of the
actuated mechanical system itself (Kalveram and Seyfarth, 2009; Kalveram et al., 2010) as
discussed in Section 1.4.
The benefits of exploitive actuation for locomotion stability has also been demonstrated in

several studies on insect locomotion (e.g., Schmitt and Holmes, 2003; Koditschek et al., 2004;
Proctor et al., 2010; Proctor and Holmes, 2010). Furthermore, a recent model addresses
the integration of feed-forward and feedback activation in the context of intrinsic muscle
properties (Kukillaya et al., 2009). They found that feedback can modulate muscle force
to counteract strong impulsive perturbations. However, for the high stride frequency in
rapid insect locomotion, it seems not possible that direct proprioceptive feedback alone
could generate adequate muscle activations because of the neural time delays. Therefore,
exploitive actuation might be even more important in insects, whereas feedback might play
a more important role in mammalian locomotion (Pearson et al., 2006).
In hopping, this exploitive actuation relies especially on the force-velocity relation. We

observed that the nonlinear Hill-type force-velocity relation (Figure 2.5) always resulted in
a faster reduction of perturbations (smaller values of |S|) than the linear approximation
(Figure 2.4). Since this holds for all types of activation pattern generation – pure feed-
forward (Haeufle et al., 2010a), or feedback, and their combination – our results reveal an
independence of the activation type. Thus, the stabilizing capabilities seem to be mainly
governed by the intrinsic muscle properties. And therefore, this hopping study is a strong
case for the concept of exploitive actuation.

2.4.4 General implications for locomotion

The approach to understanding legged locomotion presented in this chapter is inspired by the
concept of templates & anchors (Full and Koditschek, 1999). In this concept, the complexity
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A B C D

Figure 2.7: Model evolution - The path from a reductive model to elaborated representative models
for human hopping. A: The one-dimensional neuromechanical template model used in this
study incorporates muscle characteristics. This model predicts the centre of mass trajectory,
ground reaction forces, and reactions to perturbations in landing height. B: Anchor model with
two segments and one muscle-tendon complex. This model can accurately predict elastic leg
behavior and vertical hopping stability (Geyer et al., 2003). C: More elaborate neuromechanical
anchor models incorporate several muscles and segments (e.g., van Soest and Bobbert, 1993;
van der Krogt et al., 2009; Geyer and Herr, 2010). D: The goal is to understand the functional
characteristics of human and animal locomotion. Therefore, the more advanced anchor models
implement the concepts found in the template models towards a specific human/animal and
task.

of a biological system is reduced to a model that describes and predicts a target behavior
with the least possible number of variables and parameters. Given the reductive nature,
the analysis of such so-called template models facilitates the identification of underlying ba-
sic principles of locomotion. Template models can be anchored to be more representative
of an organism by adding for example more morphological (segmentation of a leg, joints,
muscles) and physiological details (muscle fibre orientation, behavior of motor neurons, pro-
prioceptive sensor properties). While templates are oriented on the global behavior, anchors
“provide causal explanations of detailed neural and musculo-skeletal mechanisms” (Full and
Koditschek, 1999).
Following this concept, the model analyzed in this chapter reduces the neuromechanical

function of a leg (Figure 2.7D) to a “muscle segment” with Hill-type muscle properties (Fig-
ure 2.7A). With this, it describes the basic function of legged systems in bouncing gaits,
i.e., the vertical motion of the centre of mass, with alternating stance and flight phases.
The muscle model itself represents the fundamental muscle characteristics and generates an
active push off during stance phase. As the muscle operation requires a neural stimulation
signal, we investigated two possibilities of neural movement generation for hopping. The
major finding was that the simultaneous contribution of feed-forward and feedback could
improve stability and reduce the response time to perturbations to one cycle.
We speculated that this result is a general feature of legged locomotion and can be inherited

to more realistic anchor models for the following reasons:
1. The vertical oscillation of the centre of mass represents a movement primitive present

in all legged gaits, whether it is hopping, running or walking (Blickhan and Full, 1993). Our
reduced model predicts the global dynamics (centre of mass motion, ground reaction forces)
for this vertical component and it further indicates how a muscle actuated legged system can
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2 Integration of intrinsic muscle properties, feed-forward, and feedback signals in hopping

cope with perturbations in ground height. In this respect it fulfills the Full & Koditschek
requirements of a template since it defines “the behavior of the body that serves as a target
for control” (Full and Koditschek, 1999).
2. Although our analysis was done with parameters related to human hopping (Table 2.1),

in principle a dimensionless analysis would lead to the same results and thus, could be
applicable to animals of different size.
3. The literature already indicates that the mechanisms detected in our reduced model

could be inherited by more complex musculo-skeletal models. For example, the hopping
dynamics with force feedback remain very similar in a two-segmented leg model driven
by one muscle-tendon complex (Geyer et al., 2003) (Figure 2.7B). There, the reaction to
perturbations showed the same monotonic behavior found in our study. Furthermore, Geyer
& Herr (Geyer and Herr, 2010) showed that this force feedback mechanisms could also
generate and stabilize walking patterns in a more elaborate musculo-skeletal model with
four segments and 14 muscles. This model could accurately predict human-like movement
dynamics and even muscle activation patterns that remarkably resemble measured human
EMG signals (cf. Fig. 4 in Geyer and Herr, 2010). Such an anchor evolution path towards
human locomotion (Figure 2.7) indicates that the feedback properties investigated on a
fundamental level might not only remain valid in a more realistic model, but also synthesize
behavior observable in biology.
Therefore, we are confident that the advantages of combining feed-forward and feedback

activation shown in this study is also advantageous for more complex musculo-skeletal sys-
tems. However, the proof of this speculation is open and could be tackled by the analysis of
more elaborate (anchored) models.
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3
Quantifying control effort of biological and technical

movements: an information theory approach

In the previous chapter it was emphasized that the muscle’s hyperbolic force-velocity relation
contributes to the stabilization of hopping. Intuitively, hopping should be "simpler" in
this case, and thus the "control effort" should be reduced compared to a system without
these properties. However, a quantitative comparison to other (technical) actuators was not
possible so far as previous definitions of control effort were based on system specific measures,
such as voltages, forces, muscle activity, etc. In this chapter, a new system independent
measure of control effort based on information theory is presented and exemplarily applied
to the hopping model described in Sections 1.2 and 2.2.1.

3.1 Control effort

As stated in the introduction, the meaning of “exploitive actuation” is that a biological system
with its well designed physical properties demands only minimal control effort compared to
classical engineering control solutions (Section 1.4). This implies that part of the movement
generation and control is done by the intrinsic mechanical characteristics of the system, and
that the controller can rely on their beneficial character. One simple example to visualize
this idea is a joint, a motor, and proportional-differential-controller (PD-controller) with
the task of holding a desired joint position stable against external perturbations. If joint
and motor are frictionless and ideal (as usually desired), the PD-controller can hold the
position by measuring position and velocity of the joint. A joint with the right amount of
internal viscous friction on the other hand could supersede the D-part of the controller, and
measuring the velocity would not be required. If the engineer knows of such properties, he
can exploit the mechanical characteristics of the system to simplify the control (Hoffmann
and Pfeifer, 2011; Takuma et al., 2012).
It has been suggested that muscles and other biological or bio-inspired structures could

reduce control effort or simplify control (Pratt et al., 2002; Seyfarth et al., 2006; Vander-
borght et al., 2006b; Blickhan et al., 2007; Grimmer et al., 2008; Haeufle et al., 2010a; Walker
and Niemeyer, 2010; Haeufle et al., 2012c; Schmitt et al., 2012; Peuker et al., 2012). But
how is control effort quantified? In engineering control effort is a measure for the control
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3 Quantifying control effort of biological and technical movements

signal/input. Examples are output signal voltage of a controller (Goher and Tokhi, 2005;
Nouri and Zaidan, 2006), motor armature voltage (Wai, 2006), motor torque (Bobrow et al.,
2001), actuation voltage in polymer actuators (Fang, 2008), or pressure in pneumatic actu-
ators (Lilly and Quesada, 2004). All these measures quantify the effort, in terms of force or
energy, a system/controller has to apply in order to generate a desired movement. Such mea-
sures are often used as cost functions for control parameter optimizations (e.g., Neustadt,
1962; Johansson and Magnusson, 1991) and have been applied in a similar manner to biome-
chanical simulations (Neustadt, 1962; Nelson, 1983; Kawato et al., 1990). In some studies,
control effort was also associated with muscle activation (Kuo, 1995; Schouten et al., 2001)
or muscle electromyography (EMG) signal (Lockhart and Ting, 2007).
If control effort is measured in voltage, current, pressure, and muscle activation, different

actuation principles can hardly be quantitatively compared. A measure, applicable to and
comparable across completely different actuators and control approaches is required.
In this chapter, a method is proposed to quantify “control effort” based on information

theory. The basic idea is that the amount of information required to generate a desired
motion is a measure for control effort. This approach introduces a physics based measure,
which allows one to compare structurally different realizations of the same movement. This
concept is introduced and applied to the biomechanical model for periodic hopping described
in Chapter 2.

3.2 Method: information in sensor measurements
In cybernetics, the analogy between humans and machines is that both are seen as control
systems (Section 1.2). To achieve a goal, both use sensors to take measurements of their
state and the environment, transmit and process the gathered information, and take actions
accordingly (Wiener, 1948; Belis and Guiasu, 1968). But how can the amount of processed
information be quantified? According to Shannon (1948) the prior uncertainty of the outcome
when measuring the variable u can be quantified as the entropy of an information source
(e.g., a sensor):

H(u) = −K
n∑
i=1

pi(u = ui) log2 pi(u = ui) , (3.1)

where pi are the probabilities of the possible sensor measurement results u = ui, with
Σpi = Σpi(u = ui) = 1. The constant K = 1 bit defines the units of information.
Let us consider a linear sensor measuring a state variable u of a system. The sensor has

a range umin ≤ u ≤ umax and a resolution ∆u and thus, n = 1 + (umax − umin)/∆u possible
measurement results. In each measurement, it will measure one value ui = umin + (i−1)∆u,
with the probability of pi, with i = 1 . . . n. The information gained in each measurement Ij
is

Ij = −
n∑
i=1

pji log2 pji , (3.2)

where we account for the possibility that the probability distribution may change between
measurements.
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3.3 Application to models for hopping

To generate a movement, e.g., with a feedback loop, the measurement is repeated j =
1 · · ·m times until the goal is reached. The total information processed in the task is

I = −
m∑
j=1

n∑
i=1

pji log2 pji . (3.3)

For a real cybernetic system, the probabilities pji are a priori unknown and difficult to
determine. In a typical sensor implementation, however, there is no prior assumption about
the measurement outcome on the controller side. Thus, all sensor values are equally likely
in each measurement: pji = 1/n. With this simplifying assumption, the total information is

I = −m log2

1

n
= m log2 n . (3.4)

It can easily be shown that 0 ≤ Ij ≤ log2 n (Kolmogorov, 1965), hence 0 ≤ I ≤ m log2 n.
Therefore, the above assumptions result in an estimate of the maximum information. It will
be discussed later that these assumptions only simplify the approach and do not limit its
validity.
With Equation (3.4) the information provided by a sensor for movement generation can

be determined from the duration of the movement T , the time resolution ∆t, and the sensor
properties:

I =
T

∆t
log2

(
1 +

umax − umin
∆u

)
. (3.5)

This simple measure can be applied to almost any type of sensor and requires only a dis-
cretized sensor output and discrete repeated measurements.
Here on the contrary, equal probability for each sensor value is assumed. Additionally,

the possibility is neglected that subsequent measurements are related to each other. In real
world systems, both assumptions must be dismissed: some sensor values are more likely to
be measured than others (pi 6= 1/n) and earlier measurements may carry some information
about later measurements.

3.3 Application to models for hopping
To test its cogency, the proposed measure (Equation (3.5)) was applied to the biomechanical
model for periodic human hopping described in Chapter 2. One-dimensional hopping is a
good test scenario, as it is an easy to define motion (Equation (1.1)), which can be generated
by many different actuation and control methods. To generate periodic hopping, alternating
stance- and flight phases have to be generated by the leg force FL (Equation (1.1)). The
performance of hopping can be defined independent of the actual trajectory (Equation (2.5))
Three models for the leg force with appropriate (neural) controllers were investigated and
the respective information (Equation (3.5)) was determined in dependence of the sensor
resolutions for these three models:
Model MFF: Muscle model with feed-forward control strategy (Haeufle et al., 2010a).

In the MFF model, the leg force is generated by a muscle, as defined in Equation (2.1)
and described in Section 2.2.1. Here, the non-linear most realistic model M[Hill, Hill] was
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3 Quantifying control effort of biological and technical movements

chosen for the representation of the force-length and force-velocity relation (Equation (2.2)).
The muscle was controlled by an optimized feed-forward muscle activation pattern A(t) with
0 ≤ t ≤ T and T being the hopping cycle duration. The pattern was optimized on a grid of
defined time and amplitude resolutions ∆tpattern and ∆A. Detection of the take-off event in
hopping triggers the feed-forward pattern. For more details on the feed-forward activation,
see (Haeufle et al., 2010a). What is important is that the information required for generating
hopping can be easily calculated. It is the sum of the information content of the feed-forward
pattern and the information processed to measure the take-off event. The former can be
directly calculated from the pattern resolution (Equation (3.5), ∆upattern = ∆A); For the
latter, u = 1 only if take-off occurs and u = 0 in all other measurements, and the take-off
detection measurement is performed with a time resolution ∆ttake-off. The result is

I =
T

∆tpattern
log2

(
1 +

1− 0

∆A

)
+

T

∆ttake-off
log2

(
1 +

1− 0

1

)
. (3.6)

Model MFB: Muscle model with direct feedback control strategy. The muscle model is
the same as in MFF, but the muscle activation A is now generated by a force feedback signal,
as in Chapter 2. By focusing only on force-feedback, Equation (1.5) and (2.3) combined
simplify to

A(t) = −τ dA(t)

dt
+GFM(t− δ) + STIM0 ,

where FM is the muscle force multiplied by the gain factor G and delayed by δ. To allow
a calculation of I, the resolutions of the signal FM(t) in amplitude ∆u and time ∆t were
specified in the numerical simulation (independent of integrator time steps). Thus, I can be
directly calculated using Eq 3.5.
Model EFB: Electric DC-motor model with PD-feedback-controller. To compare the

biomechanical model of hopping with a technical control approach, a DC-motor-driven model
was used. One-dimensional hopping can, with a coordinate transformation, also be modeled
as a rotational system. The form of the differential equation for rotational hopping is the
same (compare Equation (1.1))

Jϕ̈ = −Jgr +

{
0 ϕ > L0r flight phase
TL ϕ ≤ L0r ground contact

, (3.7)

Only the units of the parameters and variables change. In this form, hopping can be modeled
as generated by a DC-motor model applying the “leg”-torque TL to de- and accelerate an
inertia J :

İmotor =
1

L
(Ua − kT ϕ̇−RImotor)

ϕ̈ =
TL
J

=
1

J
kT Imotor , (3.8)

where kT is the motor constant, R and L resistance and inductance of the motor windings,
Imotor the current through the motor windings and Ua the armature voltage of the motor,
i.e. the control parameter. The motor parameters, including the maximally allowed volt-
age of Ua ≤ 48 V, were taken from a commercially available DC-motor typically used in
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3.4 Simulation results

robotics applications (Maxon EC-max 40 283873). Back-transformation of the results allows
a comparison to the linear hopping models.
Here, hopping is generated by enforcing a predefined desired hopping trajectory with a

PD-feedback-controller. This resembles a traditional control theory approach. The desired
trajectory was taken from previous results (Haeufle et al., 2010a) and encoded with res-
olutions ∆ttrajectory and ∆utrajectory. PD-controller signals position y and velocity ẏ were
measured by two “sensors” with the same resolutions to calculate I (Equation (3.5)).
To allow a comprehensive analysis and better interpretation of the resulting hopping pat-

terns, additional characterizing quantities were calculated from the simulation results. Hop-
ping performance P was determined with Equation (2.5). Also calculated were the stability
S against small perturbations in ground level (Section 1.9) and the robustness R as a rough
measure for how large a perturbation can be (similar to basin of attraction in nonlinear
dynamics (Strogatz, 2001)). A perturbation range of 0.2 m (20% of the leg length) was in-
vestigated, and if the model could reject these perturbations (return to the periodic hopping
height, the fixed point), robustness is R = 0.2 m. Furthermore, the elasticity coefficient
CEL (Geyer et al., 2003) was calculated to relate the hopping patterns to human hopping
behavior. Human hopping is characterized by a nearly spring-like linear force-length be-
havior (Figure 1.5, and Blickhan (1989)). The quantity CEL measures how closely the leg
approximates perfectly elastic behavior:

CEL =

(
1− D
Dmax

)2

(3.9)

where D is the net area enclosed by the force-length trace and Dmax = max(FM)×max(y−L0)
during stance. Perfectly elastic behavior corresponds to CEL = 1.
In all models, hopping was first performed with high resolution sensors and patterns to

determine the reference performance Pmax resolution. Then, the resolution was decreased to
minimize I, while the feedback parameters in the MFB and EFB model were adjusted to
maximize performance at each investigated resolution. Stop criterion was either a reduction
in optimal performance by about 10% (Pmin resolution ≮ 0.9 · Pmax resolution) or when hopping
became unstable (|S| ≥ 1). This was then called the “minimal information resolution”
resulting in Imin.

3.4 Simulation results
In the model MFF, the feed-forward signal A(t) was optimized for hopping performance P
(Eq. 2.5) on grids of different resolution with the algorithm described in (Haeufle et al., 2010a)
to find the resolution with the lowest encoded information (∆tpattern = 0.125 s, ∆A = 0.125,
therefore Ipattern = 12 bit). Afterwards, the minimal required time resolution of the trig-
ger event detection was searched (∆ttake-off = 0.02 s). The minimal required information
to generate hopping in this model was thus found to be Imin = 34bit. The achieved hop-
ping performance at Imin was P = 0.06m. Further reduction of the resolutions resulted
in reduced performance and robustness. It can be seen from Table 3.1 that hopping with
higher resolutions (I > Imin) only marginally effects other characterizing quantities of the
movement.

49



3 Quantifying control effort of biological and technical movements

Model and feedback resolution I [bit] P [m] S [] R [m] CEL []
MFF [0.1, 0.015, 0.001] 597 0.0602 0.2566 0.2 0.54
MFF [0.125, 0.125, 0.001] 509 0.0617 0.3149 0.2 0.69

Imin MFF [0.125, 0.125, 0.02] 34 0.0566 0.3000 0.2 0.69
MFB [0.001, 0.001] 4980 0.0705 0.3557 0.2 0.56
MFB [0.01, 0.01] 332 0.0699 0.2220 0.176 0.58

Imin MFB [0.02, 0.02] 136 0.0666 0.3262 0.2 0.56
EFB [0.01, 0.01] 1961 0.0931 0.2475 0.2 0.75
EFB [0.2, 0.01] 1114 0.1009 0.8904 0.2 0.68

Imin EFB [0.3, 0.0125] 798 0.0914 0.0171 0.2 0.69

Table 3.1: Results: For each model the results are given for three resolutions with the minimal res-
olution depicted by Imin. I is the neurally processed information per cycle, P the performance,
S the stability, R the robustness, and E the elasticity coefficient (for details see Methods).
MFF: The resolution of the feed-forward muscle activation pattern A(t) was varied, as well
as the time resolution of the trigger event (take off) detection. Resolutions are given as [∆A,
∆tpattern, ∆ttake-off]. MFB: Feedback resolution is given as [∆u, ∆t]. EFB: The feedback and
desired trajectory resolutions are given by [∆u, ∆t].

In the model MFB model, the time and amplitude resolution of the force-sensor signal
were manually tuned to find the minimal required information Imin = 136bit to be trans-
mitted from the sensor to the muscle (∆t = 0.02 s, ∆u = 0.02)1. The achieved performance
was P = 0.07m. Further reduction of the resolution resulted in reduced performance and
robustness, similar to the model MFF.
For the Model EFB, manual tuning of parameters resulted in a minimal required infor-

mation of Imin = 798bit to generate hopping with a PD-controller and a DC-motor. The
achieved performance was P = 0.10 m. Further reduction of the resolution results in unsta-
ble and non-robust behavior. Varying the resolution has a large effect on hopping stability
(Table 3.1).
An overview of the Imin solution results for comparison between models is given in Fig-

ure 3.1.

3.5 Discussion

Information proves as a valuable measure of control effort, as it captures the simplicity aspect
of motion control, and allows a quantitative comparison of structurally different realizations
of the same movement. This approach reveals that the muscle model allows simpler control of
hopping as it requires considerably less information to generate and stabilize the movement
(Imin = 34 bit or Imin = 136 bit), compared to the traditional engineering approach (model
EFB) with a DC-motor and a PD-trajectory control method (Imin = 798 bit). This is
achieved by the muscle’s mechanical properties, namely the force-length-velocity relation of
the muscle fibers. These properties act as a mechanical controller providing rapid mechanical

1u is considered the normalized force signal u = FM/FM ,max and ∆u is thus normalized accordingly, as is
the sensor limit umax = 1 in the calculation of I.
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Figure 3.1: A: Minimal required information in all three models. B: Other quantities characteriz-
ing the resulting hopping patterns of the Imin solutions: hopping performance P , stability S,
robustness R, and elasticity CEL. This graphs visualizes the values in the lower rows of each
section in Table 3.1.

reactions to perturbations without the need of any neurally mediated adaptation to the
perturbation (Brown et al., 1995). Thus, they modulate muscle output force in a way that
supports the generation and stabilization of hopping and jumping movements (van Soest
and Bobbert, 1993; Gerritsen et al., 1998; Geyer et al., 2003; Haeufle et al., 2010a).
The concept of such beneficial properties has been termed “embodied artificial intelli-

gence” (Pfeifer and Iida, 2004) (similar in its meaning to exploitive actuation (Section 1.4)).
The concept of “embodiment” furthermore proposes to integrate physical and information
processes Polani (2009); Hoffmann and Pfeifer (2011). Such neural information processing
is closely related to energy consumption by the relation between entropy and information.
Therefore, the information “metabolism” may play a crucial role in daily activities and the
formation of evolutionary structures (Polani et al., 2007). The evolutionarily encoded muscle
properties can non-neurally process much information in terms of Equation (3.5). First, their
“resolution” is discretized not before the quantum-mechanical level (very large n). Second,
any acting force is associated with structural changes and thus, very likely, with entropy
changes. Leaving an enormous amount of information processing to the material substrate
(exploitive actuation) may allow a reduction in neural information processing load. Biolog-
ical evolution may favor such embodiment strategies for biological behavior (Polani, 2009).
An abstract approach to explain biological behavior is to investigate embodiment with

perception-action loops in terms of causal Bayesian network models (Touchette and Lloyd,
2004, 2000; Capdepuy et al., 2008). The goal of that approach is to describe the behavior
with emphasis on the role of information flow, but independent of the actual physical re-
alization of sensors and actuators. By contrast, our approach focuses on the quantitative
benefit of biological structures. It can be seen as a way to quantify the “active information
metabolism” that is governed by the actual realization of the sensor-actuator dynamics and
the interaction with the environment. By comparing different realizations of actuator-sensor-
controller systems and calculating the related control effort, advantage from “embodiment”
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3 Quantifying control effort of biological and technical movements

can be quantified.

3.5.1 Information theoretical considerations

Information theory has developed many tools and approaches to quantify the information
flow in cybernetic systems based on the probabilities p(x) of certain signals, code words etc.
However, the application of these tools to real cybernetic systems is often difficult as these
probabilities are unknown a priori. From this perspective our implementation is an almost
abecedarian implementation of Shannon’s Information Theory (Shannon and Weaver, 1949).
On the other hand, it practically allows one to use information theoretical tools to evaluate
the function and design of cybernetic systems.
To calculate the real information gathered by the sensor, it would normally be necessary

to know the real probability distribution pi of the sensor values. Here on the contrary, equal
probability for each sensor value is assumed. Additionally, the possibility is neglected that
subsequent measurements are related to each other. In real world systems, both assumptions
must be dismissed: some sensor values are more likely to be measured than others (pi 6= 1/n)
and earlier measurements may carry some information about later measurements. However,
this approach is still valid from our point of view if the following facts are considered:
(1) In a typical feedback-loop in robotic systems a sensor value is usually directly trans-

mitted to the controller with its full possible range of output values. Although some values
may never be reached, the controller typically allows for their theoretical existence. Thus,
each sensor value is equally likely from the controllers point of view and contributes to the
control effort accordingly (pi = 1/n).
(2) It can easily be shown (Volkenstein, 2009, p. 154) that the assumption of equal

distribution (pi = 1/n) gives the upper bound of the information compared to all other
possible distributions (pi 6= 1/n)

0 ≤ −
n∑
i=1

pi log2 pi ≤ log2 n .

Therefore our approach typically overestimates the transmitted information. Within the
signal lies the relevant information for the movement, also called “pragmatic information”
(Gernert, 2006). Pragmatic information is only the information that actually generates
a measurable action or change in structure stripped of all the redundant and unnecessary
information. Usually, the sensor transmits much more information. Decreasing the resolution
(n) and with it the transmitted information to the limit where the task can just be performed,
is a way to approach or determine the real distribution and thus the pragmatic information
log2 n→ −

∑n
i=1 pi log2 pi.

Tishby et al. (1999) proposed to approach the question of “relevant information” quanti-
tatively by “lossy source compression”. In principle, their proposed “information bottleneck
method” is equivalent to our approach in finding the minimal required information for the
movement, as the reduction in sensor resolution is equivalent to a lossy source compression.
However, the requirement in hopping is not to evaluate the complete time course of the force
signal, but to extract the crucial information about the interaction with the environment in
order to continue hopping.
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3.5.2 Biological vs. technical actuator

To generate a generally definable movement such as hopping (alternating flight and stance
phases at about 2 Hz), any actuator requires an actuator-specific control strategy. Both
examined control strategies for muscle models (MFF and MFB) realize hopping with similar
performance (P = 0.06m and P = 0.07m). The feed-forward strategy with an optimized
activation pattern requires less control effort (Imin = 34 bit) than the feedback scheme (Imin =
136 bit). However, the feed-forward pattern only allows for one steady-state hopping height.
If the hopping height has to be varied, the feedback scheme can be more easily adapted
by only varying one parameter, the feedback gain (G), while in case of the feed-forward
pattern, a new optimization would be required. This suggests that higher versatility requires
to permanently process more information.
Higher versatility might also be a benefit of a DC-motor, at least it reached higher hopping

performance (P = 0.10 m vs. P = 0.06m or P = 0.07m). In contrast to the muscles intrinsic
modulation of the output force in a DC-motor the full force is always available. But again,
this higher performance comes at the cost of higher control effort (Imin = 798 bit).
It can be seen that, although control effort may play an important role, it cannot be the

only relevant criterion in actuator design. We approached this difficulty by incorporating
other characterizing quantities in the analysis (Table 3.1). For example the stability S shows
that the rejection of perturbations depends very little on the control strategy and resolution
in the muscle model (Haeufle et al., 2012a), while the feedback parameters have a large
influence on stability in the DC-motor model (EFB). From a biological point of view this
suggests that a carefully tuned technical system might outmatch the biological system in
terms of performance, but requires more fine tuning and is less reliable.

3.5.3 Relation to other quantification criteria

The previously suggested measures of control effort (voltage, current, forces, muscle activity,
etc., see Section 3.1) are system specific measurable values, all ultimately related to energy
or forces. Control effort in terms of information, however, is a system independent measure
ultimately related to the physical quantity entropy, which is a priori independent of energy
and forces. Additionally, information represents a characterizing quantity independent of
all those commonly used to quantify cybernetic systems (energy efficiency, performance,
stability, robustness, etc. ). To compare different systems performing the same task, in
biomechanics normalization to key characteristics of the system are typical (e.g. maximum
ground reaction force in locomotion normalized to body weight). In the examples presented
such a normalization was not necessary, as the system parameters were carefully chosen
to allow for a direct comparison. However, in future studies information could also be
normalized, e.g., to body weight (I/m) and time required for a movement (I/T ), or could
be related to time (dI/dt) or energy (dI/dE) as an information flow. This would allow e.g.,
to compare the control effort for locomotion of leopards, snails and robots on the level of
information.
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4
Proof of concept of an artificial muscle: theoretical
model, numerical model, and hardware experiment

State of the art macroscopic muscle models incorporate the contraction properties of bio-
logical muscles as phenomenological functions (Section 1.3). In the previous chapters, such
muscle models were utilized to investigate the benefits of contraction properties for movement
stabilization (Chapter 2) and control effort (Chapter 3). The transfer of these properties
to a technical artificial muscle for prosthetics, however, requires an understanding of their
physical origin. A recently published study (Günther and Schmitt, 2010) proposed a model
for the physical origin. In this chapter, this model is further investigated in a numerical
simulation and a hardware implementation. Parts of this chapter have been published in
the proceedings of the IEEE International Conference on Rehabilitation Robotics (ICORR),
2011 and the Journal of Applied Bionics and Biomechanics 9(3), 2012.

4.1 Concept of an artificial muscle

The contraction dynamics of muscles has been recorded and described in numerous muscle
experiments. To interpret the results Hill (1938) proposed a macroscopic mathematical
model. As outlined in Section 1.3 a whole class of “Hill-type” muscle models is based on these
findings. They incorporate the force-length and the force-velocity relation of muscle fibers as
phenomenological functions in one structural element, the contractile element (CE). For the
force-velocity relation in concentric contractions (shortening muscle) Hill (1938) found that
the muscle fiber shortening velocity depends on the contractile element force in a hyperbolic
relation (Equation (1.4)). This hyperbolic relation is now known as the Hill relation. Various
extensions account for physiologically observable effects, such as contraction history effects
(Meijer et al., 1998; Rode et al., 2009a), high frequency oscillation damping (Günther et al.,
2007), and eccentric contractions (Till et al., 2008).
In a bionics approach it is an enormous challenge to realize all these properties of biological

muscles in one artificial muscle at once (Section 1.8). Fortunately, with knowledge about the
task specific functional role of these properties it is possible to evaluate their importance.
The previous chapters emphasize the beneficial influence of the hyperbolic force-velocity
relation on movement stability and control effort. A biologically inspired artificial muscle
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4 Proof of concept of an artificial muscle

Figure 4.1: Theoretical construct of the contractile element CE (Günther and Schmitt, 2010). The
contractile element consists of three elements: active element AE, parallel damping element
PDE, and serial element SE. y0 = 0 is the origin of the contractile element, y1 represents the
length of the AE/PDE and y2 the length of the whole contractile element.

suitable for legged hopping and jumping should therefore feature (hyperbolic) force-velocity
characteristics.
Recently Günther and Schmitt (2010) analytically derived a muscle-like Hill-type force-

velocity relation from basic physical components. They showed that a contractile element
(CE) consisting of a mechanical energy source (active element AE), a parallel damper element
(PDE), and a serial element (SE) exhibits operating points with hyperbolic force-velocity
dependency. In this concept, the force-velocity relation is no longer a phenomenological
outcome of a black box (as in a Hill-type contractile element) but rather a physical outcome
of the interaction of the three elements AE, PDE, and SE. Therefore, this concept can be
interpreted as a basic engineering design for the contractile element of an artificial muscle.
This contractile element design concept was proven to work in a hardware prototype

(Haeufle et al., 2010b). The prototype implemented AE and PDE as two DC motors and
the SE as a metal spring. As expected, quick release experiments revealed qualitatively a
hyperbolic force-velocity relation. Quantitatively the force-velocity relation deviated from
the theoretical prediction. This was not very surprising as the characteristics of neither
SE nor AE were specified by the theory (Günther and Schmitt, 2010) and were designed
very simple in the prototype. Waiving the dynamics of masses the muscle acts upon, the
analytical theory could not predict the actual time course of the contraction dynamics.
To further improve the understanding of the contraction dynamics and the differences

between theoretical and experimental results we present here a numerical model of the con-
tractile element, and compare it to analytical prediction and experimental results. With this
we follow the test trilogy (Section 1.6).

4.2 Methods

4.2.1 Components of the contractile element

Günther and Schmitt (2010) derived a hyperbolic force-velocity relation for the construct
drawn schematically in Figure 4.1. It consisted of three elements: active element AE, parallel
damping element PDE and serial element SE making up together the contractile element
CE of a Hill-type muscle. y1 was the coordinate specifying the length of the PDE (and AE)
and y2 the length of the whole contractile element.
PDE: Günther and Schmitt (2010) specified the functional dependency of the PDE
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FPDE = dPDE · ẏ1 , (4.1)

where ẏi = dyi/dt. The PDE force depended linearly on the contraction velocity of the AE
with the damping coefficient

dPDE(FCE) = DPDE,max · ((1−RPDE) · FCE

FAE,max
+RPDE) (4.2)

depending linearly on the current force FCE of the CE. FAE,max was the maximum isometric
force, DPDE,max the maximum dPDE(FCE) value (at FCE = FAE,max) and RPDE the minimum
dPDE(FCE) value (passive damping in an inactive muscle) normalized to DPDE,max.
AE: The force produced by the active element is

FAE = AAE · FAE,max , (4.3)

where the parameter 0 ≤ AAE ≤ 1 allows linear scaling of the AE force. This is taken from
biology, where AAE represents the activation state of a muscle (Zajac, 1989).
SE: For the SE we chose a mechanical spring which produces the force

FSE =

{
−kSE ·∆lSE ∆lSE > 0

0 ∆lSE ≤ 0
, (4.4)

where kSE is the spring constant, ∆lSE = y2 − y1 − lSE,0, and lSE,0 the slack length of the
spring.

4.2.2 Numerical simulation of contractions

The theory (Günther and Schmitt, 2010) assumes equilibrium of the forces generated by the
three elements

FSE = FAE + FPDE (4.5)

at the internal degree of freedom y1. Together with the definition of FPDE (Equation (4.1))
this gives a differential equation describing the internal movement

ẏ1 =
FAE − FSE

dPDE(FCE)
. (4.6)

Contraction of the whole contractile element against a mass m is described by a second
differential equation

ÿ2 = g +
1

m
FSE , (4.7)

where g = 9.81 ms−2 is the gravitational acceleration. In contrast to the original analytical
model, this numerical model includes the dynamics of the mass m attached to the end of
the muscle. This set of differential equations was solved with Matlab Simulink embedded
ODE45 (Dormand-Prince) solver with absolute and relative tolerance of 1× 10-7.
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4 Proof of concept of an artificial muscle

4.2.3 Parameter identification

For the elements described above the following Hill-type hyperbolic force-velocity relation
(compare to Equation (1.4))

(FCE +A) · l̇CE = −B · (FCE,0 − FCE) (4.8)

is predicted (Günther and Schmitt, 2010), where the Hill parameters A and B are directly
related to the parameters of the three components

A =
RPDE

(1−RPDE) · (1− κv)
· FAE,max +

κv
1− κv

· FCE,0 (4.9)

B =
1

DPDE,max
FAE,max

· (1−RPDE) · (1− κv)
(4.10)

with

κv =
(ẏ2 − ẏ1)

ẏ2

=
l̇SE

l̇CE
(4.11)

being the relation between the contraction velocity of the SE and the whole contractile
element.
These relations can be transposed to determine the parameters of the PDE:

RPDE =
1

1 +
FAE,max

A(1−κv)−κv ·FCE,0

(4.12)

DPDE,max =
FAE,max

B(1−RPDE)(1− κv)
(4.13)

For a rat GM with FAE,max = 13.39 N the constants A and B were experimentally deter-
mined to be A = 2.68 N and B = 4.16 × 10-2 ms-1 (van Zandwijk et al., 1996, Animal 1).
With the assumptions κv = 0.15 and FCE,0 = FAE,max, the parameters of the PDE result in

RPDE = 0.02

DPDE,max = 386 Nsm-1

4.2.4 Hardware model

AE and PDE: both AE and PDE were realized each with an electric motor (Maxon EC-
max40) as shown in Figure 4.2. The motor torque (assuming motor torque is proportional to
motor current T ∝ I) was controlled by Maxon digital EC-motor control units (DEC 70/10).
Both motors were mounted from opposite sites to the same disc with radius rdisk = 0.05 m.
The disc was used to coil up a steel rope and exert a force

FAE + FPDE = rdisk · (TMotorAE + TMotorPDE) (4.14)

on the rope. The force characteristics of the PDE and AE (Equations (4.1) and (4.3)) were
implemented in Matlab Simulink through Real Time Workshop and Real Time Windows
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Figure 4.2: In the hardware design, the active element AE and the parallel damping element PDE
were realized with electric motors, and the SE with a mechanical spring. A variable weight was
used for the external loading of the contractile element CE.

Target. In this way the motors could exert the specified force on the steel rope and the
SE as required by the theoretical construct. This was validated for the torques and speeds
occurring during the experiments (current controller bandwidth ≈ 1 kHz, motor included
> 100 Hz, peak target frequencies ≈ 30 Hz).
SE: a metal spring with stiffness kSE = 2401 Nm-1 was tight on one end to the steel rope

of the motor disc and on the other end to a variable weight (Figure 4.2).
Sensors: the motor shaft position ϕMotor was recorded by an optical encoder (Scancon

2RMHF 5000 pulses/revolution) and represented y1 = 2rdiskϕMotor. An optical linear po-
sition encoder (Renishaw RGH24D 5µm resolution) recorded y2. A load cell (Transducer
Techniques MLP 25 with amplifier TM0-1-24) recorded the force FCE. All sensor data was
recorded with Matlab Simulink via a Sensoray 626 AD I/O at 1 kHz.
Test-bed: the motors were mounted to a table. A variable weight was attached to the

SE via a wheel at the end of the table. An electromagnet was installed below the weight to
restrain the movement of the weight for isometric and quick release experiments.

4.2.5 Experimental protocol

To investigate the force-velocity characteristics of the contractile element, quick release
contraction experiments were performed in the numerical simulation and in the hardware
model (experiments published in (Haeufle et al., 2010b)). For this purpose, muscle activa-
tion state was set to maximum (AAE = 1) while the muscle length y2 was held constant
by fixing the mass. After the settlement of the initial isometric contraction movement (at
tQR = 3 s) the mass was released. The recorded contractile element contraction velocity
vCE = ẏ2 (Figure 4.4B) shows a global minimum shortly after tQR at tvCE_min. The values
vCE(tvCE_min) and FCE(tvCE_min) were extracted. This experiment was performed with dif-
ferent weights 0.2 kg ≤ m ≤ FCE,max/9.81 ms-2 in steps of ≈ 0.08 kg (five times per weight for
the hardware model). The curve FCE(tvCE_min) vs. vCE(tvCE_min) for all weights represents
the force-velocity characteristics of the artificial contractile element.

4.3 Results
We can now compare force-velocity relations (Figure 4.3) predicted by theory, calculated
with the numerical model, and measured in the hardware experiments. The numerical
simulation showed a hyperbolic force-velocity relation with higher velocities for the same
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4 Proof of concept of an artificial muscle

Figure 4.3: Comparison of theoretical, numerical, and experimental contractile element CE force-
velocity relation. The experimental data (Haeufle et al., 2010b) is scattered around the nu-
merical prediction (quality of the fit: R2 = 0.85); both show hyperbola-like force-velocity
characteristics, but deviate from the theoretical prediction. The theoretical prediction is based
on biological data of a rat gastrocnemius muscle (van Zandwijk et al., 1996).

forces than the theory predicted. So did the hardware experiment. Hardware quick release
measurements resulted in reproducible clusters of five data points for each load in the force-
velocity graph. These clusters align in fairly good agreement to the numerical prediction
(quality of the fit: R2 = 0.85), but are scattered around the numerical force-velocity relation.
Contraction characteristics of the numerical simulation and the hardware experiment

were in principle the same, although deviations were existent (Figure 4.4). Compared to the
numerical simulation the hardware experiment showed I slower peak contraction velocities
(≈ 20%) of both contractile element CE and AE/PDE (Figure 4.4A and B); II slower change
in contraction velocities after QR (4.4A and B); III two minima of contractile element con-
traction velocity vCE around tvCE_min, separated by ≈ 20 ms (4.4B); IV additional features
in the contractile element force drop after QR (4.4D); V noise in the PDE force which is
larger for higher loads (4.4C).

4.4 Discussion

The test trilogy introduced by Kalveram and Seyfarth (2009) (see Section 1.6) is a guideline
to verify that a biomechanical concept is logically precise, physically sound, and biologically
relevant. The biomechanical concept in question in this chapter is the construction/working
principle of the contractile element CE in muscles, based on simple physical components
(Günther and Schmitt, 2010). In this chapter, we follow the test trilogy and presented a
numerical model (simulation test) and a hardware experiment (hardware test) and compared
them to a biological rat gastrocnemius muscle (behavioral comparison test).
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Figure 4.4: Contractile element (CE) contraction dynamics for loads of m1 = 0.44 kg, m2 = 0.72 kg
(thick strong lines), and m3 = 1.16 kg in the numerical simulation (red) and the hardware
experiment (blue x). The force-velocity relation (Figure 4.3) is extracted for the instant tvCE_min
where vCE reaches a minimum (B: black circle). The load is released at tQR = 3 s.

4.4.1 Differences between numeric and hardware

Simulation test and hardware test show similar force-velocity characteristics, but deviations
were identified. They emerge from additional aspects of physical reality which were not
represented in the numerical model. In contrast to the numerical model, in the hardware
experiment a position sensor is integrated into the SE by using steel wires with knots at
their end (Figure 4.2). Thus, an additional mechanical degree of freedom (lever mass) is
introduced into the SE, leading to further oscillations at frequencies above 30Hz (20-30ms
period; Figure 4.4B and D). These result in two vCE minima around tvCE_min (4.4B) instead
of one distinct minimum as in the numerical model. Sometimes the first one is lower,
sometimes the second, causing the algorithm (Section 4.2.5) to extract very different CE
forces for the force-velocity relation as the CE force rises quickly during the contraction.
This explains the scattered data in the force-velocity relation (Figure 4.3). The amplitudes
of such oscillatory disturbances could be reduced along with minimizing the mass of any
potential sensor integrated into the serial muscle arrangement.
In the numerical model AE, PDE, and SE are assumed to be massless and free of internal

friction. In reality the rotors of the motors, the axes, and the transmission disc (Figure 4.2)
together have an inertia of J ≈ 1.97 kgm2 which has to be accelerated during the contraction.
Frictional forces in the bearings additionally hinder the acceleration. This is the main reason
for the slower peak contraction velocities and the slower acceleration of the AE/PDE complex
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4 Proof of concept of an artificial muscle

observed in the hardware experiment (Figure 4.4A). The slower acceleration of the whole
contractile element (Figure 4.4B) is partly a result of the slower acceleration of the AE/PDE
and partly of the friction in the position sensor at y2 and the bearing holding the load
(Figure 4.2).
The oscillations of the PDE force could be reduced if the PDE were an actual passive

damping element and not a hardware in the loop motor generating damping forces on the
basis of a noisy velocity signal (time derivative of discrete encoder signal). Internal prop-
erties of the motor/controller unit have no influence on the force-velocity characteristics of
the contractile element, as they produce a torque proportional to the controller set value
(current control mode). This was validated for the torques and speeds occurring during the
experiments (current controller bandwidth ≈ 1 kHz, motor included > 100 Hz, peak target
frequencies ≈ 30 Hz).
In summary, three additional physical aspects in the hardware experiment were identi-

fied: elasticity, friction, and internal inertia. Elasticity and external friction can partly be
accounted for in the numerical model and might explain some of the deviation in the force-
velocity relation (Figure 4.5). Internal inertia is not considered and should be minimized in
future experiments (see setup in Chapter 5).

4.4.2 Differences to biology

Comparing the numerical (and hardware) results to the biological data of rat gastrocnemius
muscle (van Zandwijk et al., 1996) reveals that the qualitative hyperbolic shape of the force-
velocity relation is represented, but there are quantitative deviations (Figure 4.3). This is
a first behavioral comparison test (Kalveram and Seyfarth, 2009) based only on literature
data. A better behavioral comparison test should be performed in the same experimental
setup.
From a robotics point of view the difference between theory and experiment would not be

a problem, especially, as the numerical model predicts the experimental results. An engineer
could choose the right properties to match his design criteria. From a biomimetics point of
view, the difference is not tolerable. It reveals that the theoretical model does not completely
describe the real physical properties of biological muscles.
The observed deviations could originate in an incorrect representation of SE and AE.

The biological SE, e.g., is presumably stiffer than the metal spring used in the prototype
(Günther and Schmitt, 2010) and has non-linear viscoelastic characteristics (Loram et al.,
2007). Increasing stiffness (by factor 10) in the numerical model reduces the deviation
in the force-velocity relation, at least for higher forces (Figure 4.5). Although the AE in
biological muscle is more complex than modeled here – it shows force-length dependencies,
force enhancement and depression effects, and excitation contraction coupling (Section 1.3)
– these missing properties cannot account for the deviations as the experiment is designed to
disregard them. Finally, the force in the AE used to derive the Hill relation in the model was
assumed to decrease linearly with contraction velocity (see figure 5 in Günther and Schmitt,
2010). As our hardware experiment is based on non-changing AE force, further theoretical
analysis are necessary to throw light on the found difference between the predicted force-
velocity relation, on the one hand, and both the measured and the simulated relations, on
the other (Chapter 5).
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Figure 4.5: Parameter variation in the numerical model. A SE with a 0.75 times lower stiffness
can explain some of the deviation between experiment and numerical prediction; the sane can
an external damping (Fd_external = −dexternalẏ2 ). Tenfold higher stiffness of the SE is more
realistic with respect to biological muscles and may explain part of the deviation from the
theoretical prediction.

4.4.3 Artificial muscles for prosthetics and orthotics

Generally, an improvement in performance of technical systems, e.g. robot arms, walking
machines, prostheses, and orthoses are expected from actuators incorporating muscle-like
characteristics (Madden, 2007). A more natural movement, generated by such actuators
could improve wearability patient acceptance. Therefore, the construction of artificial mus-
cles with biology-like capabilities is one of the most challenging developments in biomedical
science.
The force-velocity relation is an outstanding dynamic property of biological muscles. It

can be observed in muscles of insects (Ahn and Full, 2002), spiders (Siebert et al., 2010),
frogs (Hill, 1938), mammals (van Zandwijk et al., 1996; Günther et al., 2007) and other
animals. The relation between force and velocity was always found to be of hyperbolic
nature. In Section 1.8 some artificial muscles were reviewed, and it was shown that non
exist that has a hyperbolic force-velocity relation as known from biological muscles. The
advantage of the artificial muscle concept presented here is that it is based only on a very
small number of mechanical elements and an inherently simple control algorithm. Still, it
shows already the contraction characteristics of real biological muscle with the incorporation
of high robustness and self-stability. With this actuator it is possible to produce movement
characteristics similar to that of real biological muscles from the physical structure of the
actuator. Moreover, the presented concept is a template, which is not limited to electric
drives but also allows the use of smaller, more efficient, more powerful new actuators, for
example, combustion engines or dielectric elastomers (Madden, 2007). Therefore, the pre-
sented simple and straight forward contractile element concept proves that a more natural
movement is technically realizable.
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5
Can quick release experiments reveal the muscle

structure? A bionic approach

In the previous chapter, a quantitative deviation in contraction dynamics between the the-
oretical prediction and the hardware implementation of a physical muscle model was found.
Furthermore, the numerical simulation of the contraction dynamics supported the findings
of the hardware implementation. Therefore, the experimental method of quick release ex-
periments against an inertial mass has to be revisited. In this chapter, the theoretical model
is modified and a different type of muscle experiment, isotonic quick release contractions, is
utilized to further investigate the origin and meaning of the deviation. Parts of this chapter
have been published in the Journal of Bionic Engineering, 9(2), 2012.

5.1 Experiments in muscle physiology

To determine the dynamic properties of muscles, namely, the force-velocity relation, several
different experiments are reported in the literature: isokinetic contraction experiments (e.g.,
Bressler and Clinch, 1974; Ettema and Huijing, 1988; Barclay et al., 1993; Siebert et al.,
2008; Till et al., 2008), isotonic quick release experiments (e.g., Jewell and Wilkie, 1958;
Cavagna and Citterio, 1974; Ettema and Huijing, 1988; van Zandwijk et al., 1996) and quick
release contractions against an inertial mass (Wilkie, 1949; Günther et al., 2007). Each of
these experiments is repeated several times, the isokinetic experiments at several velocities,
and the quick release experiments with varying external force or mass. The force-velocity
relations can only be determined from such a set of experiments, as each experimental
condition retrieves one operating point of the muscle.
In the context of phenomenological muscle models, all three experiments should reveal the

same force-velocity relation. This is in fact one of the assumptions made to allow a repre-
sentation of the contractile element in the form of Equation (1.3). However, the physical
structure of the theoretical model of Günther and Schmitt (2010) has one additional degree
of freedom (length of the active element lAE). The model analytically predicts the operating
points without considering the time development of the system (including lAE(t)) during the
contraction experiment. Therefore, it is not a priori clear, which experiment is adequate for
the comparison to this model. It is possible that the deviations between theory and simula-
tion/experiment observed in the previous chapter is a result of an inconsistency with respect
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to the experiment. Therefore, in this chapter two types of quick release experiments were
performed in simulation and hardware, which represent two extreme cases of the contraction
dynamics: against a constant force (isotonic) and against an inertial mass. To allow this in a
consistent way, the theory hat to be modified with respect to the force of the active element.

5.2 Methods

5.2.1 New formulation of the theory

In the previous chapter it was demonstrated that the phenomenologically found hyperbolic
force-velocity relation (Hill, 1938) of the contractile element (CE) can be derived from the
combination of three simple mechanical elements: a force generating active element (AE) to
which a damper (PDE) is connected in parallel and, in series to both, a serial element (SE)
(Figure 4.1). The following three assumptions are identical to the original formulation of
Günther and Schmitt (2010):
(1) The three elements fulfill the force equilibrium (Equation (4.5))

FCE = FSE = FAE + FPDE , (5.1)

(2) The kinematic relation for the lengths “l” of the elements is

lAE = lPDE = lCE − lSE . (5.2)

(3) The kinematic gearing ratio between internal (SE) and external (CE) contraction
velocity can be represented by an arbitrary parameter (Equation (4.11))1

κv =
l̇SE

l̇CE
. (5.3)

The the parallel damping element was explicitly specified by Günther and Schmitt (2010)
(Equations (4.1) and (4.2)). The characteristics of the serial element do not have to be
specified.
The active element is the source of mechanical energy. For this element, we simplify the

approach of Günther and Schmitt (2010): we now assume2 the straightforward identity

FAE = qAE · FAE,max = FCE,0 (5.4)

with FAE,max being the maximum AE force, 0 ≤ qAE ≤ 1 representing the activity of the
muscle (e.g., Zajac, 1989), and FCE,0 denoting the isometric CE force. All simulations and
experiments were performed with full activity qAE = 1. This is equal to the assumption

1In the theoretical derivation κv is assumed to be constant. In a real dynamic contraction, it changes over
time κv(t) as will be discussed later.

2In contrast to Equation 6 in (Günther and Schmitt, 2010), where the AE force depended on SE length and
the damping coefficient: FAE = FCE,0 + dPDE(FCE,0) · l̇SE . Here, the force of the AE and the isometric
force of the CE (FCE,0 = FCE(l̇CE = 0)) are simply assumed to be the same (input) parameter with no
dependencies: FAE = FCE,0.
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that the muscle fibers are maximally activated and operate at optimal length throughout
the experiments, as usually assumed for quick release experiments.
This simplification allows a straightforward numerical and hardware implementation, but

also changes the derivation of the hyperbolic force-velocity relation: Substituting Equa-
tion (4.1), the explicit dependency of dPDE(FAE) on force FAE and model parameters (Equa-
tion (4.2)), and Equation (5.3) into Equation (5.1), thereby considering the time derivative
of Equation (5.2), makes the force equilibrium Equation (5.1) to constitute a hyperbola

(FCE+
RPDE

1−RPDE

·FAE,max)· l̇CE = − 1

1−RPDE

· 1

1− κv
· FAE,max
DPDE,max

·(FAE,max−FCE) . (5.5)

Comparing this hyperbola to Equation (1.4), the original formulation of Hill (1938),

(FCE +A) · l̇CE = −B · (FCE,0 − FCE) , (5.6)

with the Hill parameters A, B and the isometric force FCE,0 being positive and l̇CE con-
sistently being negative in the shortening (concentric) case, the Hill parameters can be
expressed in terms of the new mechanical parameters

A =
RPDE

1−RPDE

· FAE,max (5.7)

B =
1

1−RPDE

· 1

1− κv
· FAE,max
DPDE,max

. (5.8)

5.2.2 Deriving the mechanical parameters

Through Equations (5.7) and (5.8) the Hill parameters A and B are directly related to the
parameters of the three elements. If these relations are rearranged, it is possible to determine
the mechanical parameters of the PDE from biological muscle experiments:

RPDE =
A

A+ FAE,max
(5.9)

(1− κv) ·DPDE,max =
A+ FAE,max

B
. (5.10)

Here, the possible internal movement at the connection point of the elements introduces
an additional degree of freedom, which has not been considered in Hill-type muscle models
so far, except (Günther and Schmitt, 2010). This degree of freedom is represented by κv,
the gearing ratio (Equation (5.3)). Isotonic quick release experiments, which are usually
performed with biological muscles, are designed to eliminate the contribution of the serial
elasticity. Therefore, it can be assumed that the SE is at constant length (l̇SE = 0) in the
experiment and hence, κv = 0.
With this assumption, the damper parameters can be determined. For this study, ex-

perimental data of a rat gastrocnemius muscle were used: FAE,max = 13.39 N and the Hill
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constants are A = 2.68 N and B = 4.16 × 10-2 ms-1 (van Zandwijk et al., 1996, Animal 1).
The resulting parameters are

RPDE = 0.17

DPDE,max = 386.4 Nsm-1 .

5.2.3 Numerical model

As in Section 4.2.2, the numerical model of the CE can be expressed by two coupled dif-
ferential equations. The first describes the internal degree of freedom (according to Equa-
tion (4.6)), the second the external degree of freedom. For the external movement (coordi-
nate y2 representing lCE) two possible scenarios are considered: (a) An isotonic contraction
against a constant external force Fext = const. Here, Fext determines the length of the SE
via Fext = FSE = −kSE(lSE − lSE,0). Hence, lSE = const and therefore

ẏ2 = ẏ1 . (5.11)

(b) A contraction against an inertial mass m at the end of the contractile element (y2) as
described by Equation (4.7).
The serial element is modeled as a linear spring (Equation (4.4)) with a stiffness kSE =

2401 Nm-1 (in accordance to the mechanical setup).
This set of differential equations was solved with Matlab Simulink embedded ODE45

(Dormand-Prince) solver with absolute and relative tolerance of 1× 10-7.

5.2.4 Hardware model

The setup was similar to the one described in Section 4.2.4. The only differences were
that both active element AE and parallel damping element PDE were implemented with
one electric motor (Figure 5.1, compare to Figure 4.2). Also the new isotonic experimental
condition was realized with another motor attached to the end of the spring to exert the
force Fext = FCE.

5.2.5 Experimental protocol

To investigate the force-velocity characteristics of the contractile element two experiments
were performed. For both experiments, the AE activity was set to qAE = 1 (maximum activ-
ity) and the CE length was fixed with the electromagnet in the beginning. This resulted in
an AE/PDE contraction and a SE expansion until FCE = FAE,max. After this initial isomet-
ric contraction at tQR = 3 s, the electromagnet was released. Then the whole CE started to
contract and the two external conditions resulted in the two different experiments: Isotonic
quick release contraction experiments (QR_F): Here, the CE contracted against a con-
stant external force Fext. External forces between 0.2 N < FCE < FAE,max were applied in 19
steps. Each force condition was repeated ten times. The contraction velocity was evaluated
0.5 s after the release. For the quick release contraction against an inertial mass m
(QR_m) the weight was released and CE contraction velocity and force were recorded as
described in Section 4.2.5. Here, the force-velocity relation was extracted from the recorded
data at the peak contraction velocity vmax.
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Figure 5.1: Hardware design. Active element AE and parallel damping element PDE forces were
generated by an electric motor (Maxon ECmax40) as hardware in the loop. The serial element
SE was implemented as a mechanical spring. An electro magnet was used to fix the contractile
element length in the isometric part of the quick release contractions. A: For the isotonic
experiments (QR_F), a second motor was used to generate a defined external force Fext. B:
for the experiments against an inertial mass m (QR_M ) a variable weight was used as load.
The force sensor measured the contractile element force FCE .

5.3 Results

5.3.1 Isotonic quick release experiments

Isotonic quick-release experiments against a constant force (QR_F) revealed a hyperbolic
force-velocity relation for the numerical model and the hardware implementation (Fig-
ure 5.2). The numerical force-velocity relation was identical to the analytical prediction
and to the fit of the biological muscle data (van Zandwijk et al., 1996) from which the model
parameters were derived. This force-velocity relation is also shown in all other figures for
reference (theory/biology, red line). The force-velocity data of the hardware implementation
(green x) shows a slight deviation towards lower velocities and lower forces. Fitting Equa-
tion (5.5) to the data (with κv = 0) results in parameter estimates of DPDE,max,fit = 474 Ns−1

and RPDE,fit = 0.15 (quality of fit: R2 = 0.96), compared to the nominal values DPDE,max =
386 Nsm−1 and RPDE = 0.17 preset from theory (Section 5.2.2).

5.3.2 Quick release experiments against an inertial mass

Quick-release contractions against an inertial mass (QR_m) resulted in a different force-
velocity relation with substantially higher contraction velocities (Figures 5.3) compared to
the isotonic quick-release contractions (Figure 5.2). A hyperbolic fit (R2 = 0.80) to the
experimental data (green line) gives parameter estimates of DPDE,max,fit = 162 Nsm−1 and
RPDE,fit = 0.14, although the nominal damper parameters were kept identical to the QR_F
experiments.
The experimental force vs. velocity trajectories show additional oscillations (Figure 5.5),
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Figure 5.2: Force-velocity relation determined in isotonic quick release experiments (QR_F). The
numerical simulation (blue dashed line) resulted in a force-velocity relation identical to the
theoretical prediction of the analytical model (red solid line). A fit (green solid line, quality
of the fit: R2 = 0.96) to the experimental data (green x) revealed a hyperbolic force-velocity
relation also for the hardware model. The deviation between the theoretical prediction of the
analytical model and the fit of the experimental data was probably the result of additional
internal friction (motors, bearings), which caused a reduction in the contraction velocities and
active element forces.

which are not present in the simulation (Figure 5.4). These oscillations originate from addi-
tional masses and elasticities introduced by force/position sensor and steel wire connections
respectively. The peculiar step in the experimental force-velocity relation (Figure 5.3) is a
result of these additional oscillations. As Figure 5.5 shows, there are two prominent max-
ima in the velocity. For increasing masses, at one point the second maximum becomes the
absolute maximum which corresponds to a lower force and therefore results in the step in
the force-velocity relation.

5.4 Discussion

In a bionic approach, the function and structure of muscle in quick release experiments
were investigated. A new macroscopic model was presented that analytically predicts the
hyperbolic force-velocity relation known to characterize the contraction dynamics of active
fibers and their assemblies in biological muscles. It was the goal of this study to understand
the relationship between the macroscopic model structure and its dynamic role in the con-
traction. To that end, two types of quick release contraction experiments were performed
with a numerical model and a hardware implementation. Both, the numerical model and
the hardware implementation confirmed the analytical model. The discrepancies found in
Chapter 4 could be resolved.
These results prove that the origin of the hyperbolic force-velocity relation can be me-
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Figure 5.3: Quick release experiments against an inertial mass (QR_m). The force-velocity rela-
tion was determined by finding the time index with highest contraction velocity vmax and by
extracting velocity and force at this time index for each experiment. These data points plotted
(and connected, or fitted) represent the force-velocity relation FCE(vmax) (see also Figure 5.4).
The numerical simulation (blue dashed line) resulted in a force-velocity relation with substan-
tially higher velocities than in the isotonic (QR_F) simulations. The experimental data (green
x) and a hyperbolic fit (green solid line, quality of the fit: R2 = 0.80) for the hardware model
showed a similar trend to higher velocities. The theoretical prediction of the analytical model
for κv = 0 isotonic experiments (red line) is drawn for reference.

chanically explained on a macroscopic level by the arrangement of the three mechanical
elements active element AE, parallel damper element PDE and serial element SE (Günther
and Schmitt, 2010). If the contractile element is considered to be the active engine of the
muscle, the analytical model predicts its operating points and the numerical model presents
differential equations to predict the dynamic force generation of the contractile element. In
contrast to microscopic muscle models, where the hyperbolic force-velocity relation is ex-
plained in terms of cross-bridge state and related transition rates and chemical rates (see
microscopic muscle models in Section 1.3), it is here explained in terms of fundamental
macroscopic mechanical properties. Still, it remains open where in detail the microscopic
origin of the mechanical properties are located. Nevertheless, in distinction to other macro-
scopic Hill-type muscle models, the force-velocity relation is not implemented as an empirical
function F (v) (e.g., Hill, 1938; Ettema and Huijing, 1988; van Soest and Bobbert, 1993;
Günther et al., 2007) but rather is the dynamical result of the interaction of mechanical
elements. Therefore, this model can be seen as a macroscopic muscle model derived from
first-order mechanical principles.
From our point of view, the advantages of the model are: (a) It is possible to investigate

the contribution of the mechanical muscle characteristics, represent AE, PDE, and SE, to
the overall contraction dynamics. (b) The force-velocity operating points can be predicted
analytically for different contraction modes. (c) Biological experiments can be interpreted
within the framework of the model. (d) As the model is based on mechanical elements,
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Figure 5.4: Simulated time course of the force-velocity relation in quick release experiments against
an inertial mass (QR_m). The color of the line indicates the mass (small mass: light blue,
heavy mass: pink). Every experiment starts at vCE = l̇CE = 0 and FCE = FAE,max = 13.39 N
(upper left corner). From there, the contraction velocity increases up to a maximum vmax
marked with an X. Connecting these maxima gives the force-velocity relation determined in
QR_m experiments (blue dashed line). The long time convergence points of the force-velocity
trajectories are marked with Os. These convergence points lie on the force-velocity relation
determined by isotonic simulations (QR_F, red line).

it could serve as a template for the construction of bionic artificial muscles with biological
contraction dynamics.

5.4.1 Predictions between the extreme experimental conditions

In biological muscle experiments very specific contraction conditions are generated. Isotonic
quick release experiments are designed to eliminate the contribution of the serial elasticities
to the overall muscle contraction (l̇SEE = 0) and thus, allowing to determine the force-
velocity characteristics of the contractile element (e.g., Jewell and Wilkie, 1958; Cavagna and
Citterio, 1974; Ettema and Huijing, 1988; van Zandwijk et al., 1996). These conditions are
consistent with a gearing ratio of κv = 0 (Equation (5.3)). The force-velocity data determined
under these conditions are then fitted with the hyperbolic Hill-equation (Equation (5.6))
to determine the parameters A and B (Hill, 1938). In order to derive the values of the
parameters RPDE and DPDE,max for our model from such a parameter set, an assumption
about κv has to be made (see Equations. (5.9) and (5.10)). Here κv = 0 was the logical choice
as it corresponds to the original biological experiment. These parameters were then used
in the numerical model and the hardware experiment. Performing isotonic quick release
simulations and experiments and thus, reproducing the κv = 0 condition, resulted in the
exact reproduction of the theoretical force-velocity relation (Figure 5.2).
The quick release experiments against an inertial mass (Wilkie, 1949; Günther et al.,

2007) on the other hand generated contractions with κv 6= 0. As expected, the force-velocity
operating points in this case did not lie on the original force-velocity relation (Figure 5.3).
At the peak contractile element contraction velocity, where the force-velocity data were
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Figure 5.5: Experimental time course of the force-velocity relation in quick release experiments
against varying inertial masses (QR_m). The color of the line indicates the mass (small mass:
light blue, heavy mass: pink). Every experiment starts at vCE = l̇CE = 0 and FCE = FAE,max =
13.39 N. The absolute maximum in the velocity vmax is detected for the force-velocity relation
and marked with an X. These maxima describe the force-velocity relation determined in QR_m
experiments. The long time convergence points of the Force-velocity trajectories are marked
with a black Os. These convergence points lie close to the force-velocity relation determined
by isotonic simulations (QR_F, red line).

extracted (Günther et al., 2007), the contraction was mainly governed by the SE (κv > 0.81).
This means that AE and PDE almost stay at constant length for the first part of the QR_m
contraction. We compared this to a model with locked AE/PDE length, where only the SE
spring accelerated the mass (see also appendix). This extreme case of κv = 1 results in a
force-velocity relation very similar to the force-velocity relation of the QR_m experiments
(gray line, Figure 5.6).
During the QR_m contractions κv changed continuously. In fact, points could be ex-

tracted from the QR_m experiments, where κv reached certain specific values. Interestingly,
all force-velocity operating points corresponding to a specific κv lie on a new hyperbola (Fig-
ure (5.6)). This hyperbola can be exactly predicted from the theory (Equations. (5.6), (5.7),
and (5.8)). The surprising fact is that once the material properties DPDE,max and RPDE are
defined, the additional free parameter κv predicts every force-velocity operating point of the
muscle, independent of the experiment.
Therefore, the two quick release experiments QR_F and QR_m can be seen as two ex-

treme cases. In the QR_F experiments the SE does not contribute to the contraction, while
in the QR_m it mainly determines the contraction. For normal biological movements, κv
will lie in between (0 < κv < 1). The theory, the numeric model and the hardware imple-
mentation presented here, predict and reproduce the force-velocity operating points for all
these situations.
The isotonic experiments show that the specific damper characteristic chosen would pro-

vide already a hyperbolic force-velocity relationship without any serial element as it does not
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Figure 5.6: During the time course of the contraction in quick release experiments against an inertial
mass (QR_m), the internal gearing ratio κv changes continuously. From the simulation data,
points were extracted where κv reached a certain value (marked with Xs). The theoretical
prediction of the hyperbolic force-velocity relation on the other hand depends on the parameter
κv. Plotting the theoretical predictions for the chosen κv values (green lines for κv = 0.25,
κv = 0.5 and κv = 0.75) shows that these operating points all correspond to one specific
hyperbolic force-velocity relation (intersections of green lines with time traces of the experiment,
marked with X’s). The extreme case where all contraction happens in the serial element SE
(κv = 1) cannot be described by Equation (5.6), as B →∞ for κv → 1. But this condition can
be described by the isolated contraction dynamics of the spring mass system (SE with external
mass). The derivation is explained in the appendix and the results are plotted here (gray line).

contribute to the contraction (κv = 0). Therefore, our model implies on a mathematical level
to "switch off the SE". Yet going beyond, our model also demonstrates that this property
is inherited by any contractile element structure in which a further arbitrary force bearing
element is plugged in serially, which adds an internal degree of freedom to the contractile
element structure. By mechanical design, the contractile element structure, thus, gains a
manifold of similar force-velocity relations. This also adds function to the structure, namely
the potential to profit from the benefits of the force-velocity relation (stabilizing effects
Chapter 2 and reduced control effort Chapter 3) during changing loading situations in the
real world. Also, mechanical efficiency can be optimized across the whole range of loading
situations (Günther and Schmitt, 2010). For this, serial elasticity seems to be particularly
beneficial. Our hardware prototype has demonstrated the real world functionality of such a
specific implementation of the theoretical structure.

5.4.2 Interpreting biological experiments: muscle structure and κv

Both in our technical prototype and our theoretical model, the internal degree of freedom
represented by the parameter κv can distinguish between different loading modes, e.g., the
extremes of an isotonic contraction or a quick-release contraction against an inertial load.
Moreover, both approaches can deal with any in-between contraction as a cyclic work-loop,
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a stretch-shortening cycle, and an isovelocity or even an isometric contraction during a rise
in activity. But do our theoretical model or our technical prototype really map physiological
processes in the biological muscle during all these contraction modes?
On the one hand, from a theoretical point of view, we would expect at least slight dif-

ferences in the results of isotonic and isovelocity experiments, even in a biological muscle.
This is because the contraction velocity should immediately change, per definition, during
an isotonic contraction. Consequently, the muscle examined is supposed to go through some
finite length changes, even though they may be small. Therefore and also keeping muscle’s
well-known history effects in mind (Abbott and Aubert, 1952; Rode et al., 2009a) when com-
paring both experimental conditions, the muscle is also supposed to go through a manifold
of different states around the operating points examined. This should be reflected by slight
differences in force-velocity or velocity-force, respectively, and force- or velocity-enthalpy
relations, respectively.
On the other hand, when comparing our theoretical model calculations to enthalpy data

of biological muscle, the model predicts a specific parameter value κv = 0.85 for the internal
distribution of contraction velocities (Schmitt et al., 2012). This very value is, however, not
what would be expected in a real muscle assuming that the model SE represents just serial
elastic properties of active muscle fibers. Since pure elastic structures would not change their
length during a finite isotonic contraction, meaning κv = 0 (stationary SE length). Although
the biological muscle data used for validation had been determined in the isovelocity rather
than in the isotonic condition we would yet not expect such a discrepancy when comparing
measurements from both conditions in the same muscle. Thus, answering the first part of
the above question, our model needs further development.
Any elastic structure is slightly damped in reality. This is e.g. a necessity to suppress load-

muscle eigenoscillations (Günther et al., 2007). If, as a consequence of this damping, the SE
was rather visco-elastic than purely elastic, better predictions of enthalpy production would
be expected. Additionally, such a serial arrangement of dampers would automatically lead to
history effects within the contractile element (active muscle). Furthermore, we would like to
annotate that this would also mean that an often used assumption should be reconsidered: if
there is some damping in any serial element then the isotonic condition does not guarantee
that the SE is at constant length during isotonic quick-release experiments, i.e. κv > 0.
As a consequence, the measured force-velocity properties can not directly be related to the
hypothesized AE in series. Rather, the isotonic measurements would reflect the entangled
properties of the whole arrangement including the visco-elasticity of the SE itself, both when
asking for the force-velocity characteristics and the heat production. In terms of our model,
one would measure a hyperbolic force-velocity relation rather corresponding to one of the
green curves in Figure 5.6 than the desired red curve.
Answering the second part of the above question, our current technical prototype was

designed to incorporate as little serial damping as possible, using an off-the-shelf spring as
SE. However, neither have the damping characteristics of such a real spring been examined so
far, although our measured data point to some additional damping in the prototype (Schmitt
et al., 2012). Nor is clear as of today whether the built-in damping may suffice to represent
potential serial damping of a real muscle. As presented, the latter should be predicted from
an improved theoretical model to be validated with measured enthalpy data of biological
muscles.
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5.4.3 Model assumptions and extendability

This theory focuses on the mechanical origin of the force-velocity relation. Other important
features of the muscle contraction dynamics, such as the force-length relation (van Ingen
Schenau et al., 1988; Bobbert et al., 1990; Durfee and Palmer, 1994; Zuurbier et al., 1995;
Rassier et al., 1999; Rode et al., 2009b), force enhancement and contraction history effects
(Forcinito et al., 1998; Meijer et al., 1998; Herzog and Leonard, 2002; Herzog, 2004; Rode
et al., 2009a), activation dynamics (e.g., Zajac, 1989), etc. are neglected. However, we
expect that including these characteristics in a similar way as it has been done previously
in Hill-type models, would enhance the model without principally altering the force-velocity
characteristics presented here. The AE force (Equation (5.4)) for example may depend on
AE or contractile element length. Here we basically only consider the state in which the
contractile element operates at its optimal length. AE force could also depend on muscle
activity and the chemical state of the muscle, i.e. the relative number of actively force-
producing cross-bridges quantified by the normalized muscle activity 0 ≤ qAE ≤ 1.

The hardware experiment represented AE and PDE combined by a software controlled
motor exerting a calculated force on the SE. With respect to a more adequate mechanical
representation, we already separated AE and PDE in Chapter 4 by using one separate motor
for each element. This made no difference for the QR_m experiments investigated there.
In a next step, a real mechanical implementation of the PDE e.g. by a magneto-rheological
damper (Garcia et al., 2011), would be desirable. Also the AE could in principle be any
other fore generating device/material. Nevertheless, the hardware representation of AE and
PDE in this chapter is the simplest possible physical implementation. In the bionic context
this step is necessary to verify the real world functionality of the concept (Nachtigall, 2002).

5.4.4 Advantages of biological muscle system design

As stated in the beginning of this thesis, the transfer of the beneficial properties from bi-
ological to technical systems it is necessary to (a) determine the characteristics uniquely
identifying the biological muscle and (b) evaluate the system design criteria with quantita-
tive and comparable measures.

In the light of our findings we can contribute to (a): at least three basic mechanical charac-
teristics of a biological muscle are necessary to exhibit muscle-like contraction dynamics: (i)
a serial structure, with an active part in series to at least one visco-elastic part; (ii) a serial
structure in which each part contains some low damping; (iii) a structural assembly including
one force-dependent damping part, no matter in which branch of the serial structure. A first
simple solution of a bio-inspired functional artificial muscle based on these characteristics
was described in (Schmitt et al., 2012). In this context, our model can be seen as a design
template for functional artificial muscles.

For (b) see Chapters 2 and 3.
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5.4.5 Force- and load-velocity relations of a spring-mass system
during quick-release

In this chapter it was shown that an elastic element significantly contributes to the contrac-
tion in quick release experiments against an inertial load. To shed some more light on this,
we demonstrate in this section that a system of a pre-loaded linear spring which accelerates
an inertial mass m during a quick-release situation exhibits a non-linear, hyperbolic-like
load-velocity relation. This is basically the extreme case, where l̇AE = 0 at all times.
The “load” may be either just the mass m or the weight m · g in case the mass is also

exposed to gravity. Let k symbolize the spring stiffness, and ys the rest length of the spring
at which its force

Fs = −k
(
y − ys

)
= −k∆y (5.12)

is zero. There are three contributions to the energy E of the system:

Es(t) =
1

2
k∆y2(t) (5.13)

Eg(t) = −mg∆y(t) (5.14)

Ev(t) =
1

2
mv2(t) , (5.15)

where Es denotes the potential energy stored in the spring, Eg the potential energy of the
mass due to gravity, and Ev its kinetic energy when moving with velocity v = dy(t)

dt
= d∆y(t)

dt
.

The energy of the system characterized by the equation of motion

m
d2y(t)

dt2
= m

d2∆y(t)

dt2
= Fs(t) +mg = −k∆y(t) +mg (5.16)

is conserved:

E = Es + EG + Ev = E0 =
1

2
k∆y2

0 −mg∆y0 +
1

2
mv2

0 . (5.17)

We identify the initial value of a variable (at t = 0) by the index “0”. For reasons of con-
ciseness and further on, we omit the symbol “(t)” for the time-dependency of the variables
∆y and v (thus, Fs, Es, Eg, Ev). Now, when substituting the spring force Fs from Equa-
tion (5.12) into the terms Es and Eg on left hand side of Equation (5.17) we find that the
latter constitutes the instantaneous non-linear (spring) force-velocity relation

F 2
s + 2mg Fs + kmv2 − 2 k E0 = 0 (5.18)

which can be solved for, e.g., the force

Fs = −mg ±
√(

mg
)2

+ 2 k E0 − k v2 . (5.19)

The mass reaches its maximum velocity vmax during spring contraction when the spring force
Fs just compensates weight force mg. In this condition, the square root term must vanish
that is, we find

vmax(m, y, v0) = − 1√
km

√(
mg
)2

+ 2 k E0 . (5.20)
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In analogy to the force-velocity relation of a contractile element, which represents the velocity
response of a contractile element to a given external force (or vice versa), Equation (5.20)
is the load-velocity relation characterizing the velocity response of the spring-mass system
when the load (m or mg) is varied. Due to the square root in the denominator the course of
this load-velocity relation resembles a hyperbola which has an intersection with the load axis
(vmax = 0). However and in contrast to a contractile element force-velocity relation, vmax
becomes infinite for a vanishing load, i.e., the load-velocity relation just aligns asymptotically
with the velocity axis, a corresponding global vmax,m=0 does not occur.
Usually, the mass is at rest in the instant of release (v0 = 0). In that case, the energy

content E = E0 of the system (Equation (5.17)) can be written as

E0 =
1

2
k∆y2

0 −mg∆y0 (5.21)

=
1

k

(1

2
F 2
s,0 −mg Fs,0

)
, (5.22)

where we have substituted the initial force Fs,0 = −k∆y0 (maximum force during spring con-
traction) to get the latter notation. Then, the maximum velocity reached during contraction
(Equation (5.20)) is simply

vmax(m, y0) = −Fs,0 −mg√
km

. (5.23)
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6
Energy management that generates terrain following
versus apex preserving hopping in man and machine

In the hopping simulations of Chapters 2 and 3 the leg force of the hopping model (Equa-
tion (1.1)) was generated by a muscle model. The nonlinearities of the muscle properties
(Equation (2.2)) and the excitation contraction coupling (Equation (1.5)) prohibit an ana-
lytical prediction of the energy flow in the system. In this Chapter, the leg force is modeled
as a linear spring-damper system, allowing for an investigation of the energy dissipation and
supply in stable hopping. This Chapter is a summary of an article published in Biological
Cybernetics, 106(1), 2012.

Introduction:
Walking, running, and hopping are human locomotor activities, where the legs periodically
hit the ground and push off from it. Until now, it is only incompletely understood as to
how these movements are generated physiologically. Even if confining the view solely to the
vertical component of these movements, i.e. to hopping, a salient and resilient neurobiological
concept that explains hopping is not in sight.
Theoretically, the simplest hopper would be an undamped spring–mass arrangement. On

landing, the spring slows down the body’s mass and stores its kinetic energy as potential
energy, and uses the stored energy for the body’s subsequent push off. The spring-loaded
inverted pendulum (SLIP) (Blickhan, 1989) is an often-cited example of such a concept.
A handicap of the SLIP is that it models an energetically conservative system, which

loses no energy and, therefore, needs no energy replenishment. Real world organisms and
machines, however, are inevitably subject to energy dissipation. Hence, SLIP-type modeling
is appropriate for simulations; but unless adding practicable energy replenishments, it can
neither provide blueprints for a hardware built to check the results of the simulations, nor
concepts explaining an organism’s locomotion under real world conditions.
To get more insight into the physics of hopping, we outlined two concepts of energy man-

agement: “constant energy supply”, by which in each bounce – regardless of perturbations
– the same amount of mechanical energy is injected, and “lost energy supply”, by which
the mechanical energy that is going to be dissipated in the current cycle is assessed and
replenished.
Two possible hopping styles could be the result of such energy management: “terrain
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Figure 6.1: Leg representations in hopping. a) Three-segmented leg with selected muscles (Rectus
Femoris (RF), Biceps Femoris (BF), Tibialis Anterior (TA), and Gastrocnemius (GA)) actuating
the hip, knee and ankle joint. b) Damped springs instead of muscles make the leg a compliant
segmented limb. c) One-dimensional arrangement that represents the compliant function of
the leg in the vertical direction. The upper spring reflects the compliance accomplished by
combining thigh and shank (in the following called "shank"), the lower part the compliance
given through the foot. This model is confined to vertical motion.

following” means that the subjects pursued to keep the distance between maximum hop-
ping height (apex) and ground profile constant; “apex-preserving” hopping means that the
absolute maximal hopping height is kept constant regardless of changes of the ground level.
The purpose of this study was (i) to get a hint, which one of the hopping styles, apex-

preserving hopping or terrain-following hopping, is prevalent in human bouncing, (ii) to
propose concepts of energy management that can generate these hopping styles, (iii) to
check whether these concepts succeed in a real machine, and (iv) to examine, which concept
has the greatest chance to govern also human bouncing.

Methods and Results:
In this study, we followed the test trilogy (Section 1.6).
For the simulation test, a cascaded damped spring-mass model (Figure 6.1c) was used.

This model offers defined physical structures which allows one to determine their energetic
contributions to hopping. In this way, the decrement/increment of the system’s mechanical
energy E can be determined:

E(t+∆ t)−E(t) = −
t+∆ tˆ

t

[
b1l̇

2
1 + b2l̇

2
2 + c1sign(l̇1)l̇1 + c2sign(l̇2)l̇2

]
dt+

t+∆ tˆ

t

[
f1l̇1 + f2l̇2

]
dt ,

where li are the segment lengths, l̇i the respective shortening velocities, bi and ci are the
coefficients of damping and friction, and fi amendatory forces added from within the sub-
systems during stance, for example by suitably changing the parameters of the springs, or
by extra actuators associated with the springs.
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Figure 6.2: The cascaded damped spring-mass model a) is the template for the MARCO hopper
robot, the home position of which is shown in c), and its functional scheme in b).

Energy supply was managed by manipulating the spring stiffness of the upper segment

∆k =
6 ·∆W

(l0 − lmin)3 · (l − lmin) ,

where lmin is the minimal spring length in the stance phase, and l0 the respective rest length.
If the supplied energy ∆W is the same in each cycle, we have “constant energy supply”, if it
is adjusted to replenish the dissipated energy, we have “lost energy supply”.
Simulated hopping with constant energy supply resulted in stable and robust terrain fol-

lowing hopping, while lost energy supply resulted in apex preserving hopping (Figure 6.3b
and c).
The hardware test was conducted with the MARCO hopper robot (Figure 6.2). Here,

constant energy supply also resulted in stable and robust terrain following hopping, while
lost energy supply resulted in unstable hopping behavior (Figure 6.3d).
For the behavior comparison test, experiments with 12 subjects were conducted. While

hopping, the subjects experienced a sudden step down of 5 or 10cm. The resulting hopping
pattern resembles terrain following hopping (Figure 6.3a).

Conclusions:
As can be concluded from the behavioral comparison test, human hopping is —under the
conditions of the experiment presented— close to terrain following hopping. This suggests
that the human hopper adopts constant energy supply to automatically adapt to varying
heights of the floor.
If always the same portion of energy is supplied per cycle, the steady state is reached

when the losses just come up with that supply. The injection of a predetermined amount
of energy ∆W into a spring requires only measurements derivable from length and stretch
sensors attached to the spring (called proprioceptors in a biological context).
Such a manner of control as outlined above we call exploitive actuation, which usually gets

along with a minimum of computational effort. Please notice, exploitive actuation is not a
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Figure 6.3: Ground reaction force and vertical movement generated by a typical human hopper a),
by the cascaded damped spring mass model (CDSM) under lost b) and constant energy supply
c), by the MARCO hopper robot applying constant energy supply d). The CDSM models b),
c) are furnished with human parameters. Time is standardized with respect to the length of the
hopping cycles. The vertical dashed line indicates the point of time where the floor undergoes
a sudden lowering. Vertical movements refer to the y-coordinate of the "body" in the CDSM
model and in the MARCO Hopper, and of the center of mass (CoM) in the human hopper. Note
that the MARCO hopper’s needle shaped peak ground reaction forces at touch down (see d))
are caused by the large damping parameter of the adiPRENE® ball taken as foot. Those peaks
occur also in the simulated ground reaction forces when the MARCO hopper’s parameters are
inserted into the CDSM model (respective trajectories are not shown).

control mechanism in the classical sense. For instance, the here proposed solution neither
prescribes the hopping height nor provides a machinery to actively enforce a given hopping
height. The apex rather emerges dynamically from the conditions around and in the hopper.
Refinements of modeling and further behavioral comparison tests in the framework of the

test trilogy are necessary to get a sustainable answer to the question, how intrinsic muscular
properties can provide an energy management that physically realizes robustness in human
hopping.
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7
Conclusions and Remarks

Two major goals are the basis for this thesis. Firstly, to understand which role biological
structures play in movement control, and secondly, to derive design concepts allowing a
transfer of these findings into technical systems. The presented studies show that dynamic
properties of the biological muscle, e.g., the force-velocity relation, contribute to the stability
of periodic movements, reduce control effort, are the result of the dynamic interaction of
simple mechanical elements, and can be transferred to technical systems.
In more detail, the contribution to these goals is as follows: Chapter 2 investigates different

simple control strategies for hopping. This chapter builds upon previous results (Haeufle
et al., 2010a), emphasizing the importance of the force-velocity relation for the control of
periodic movements. The results show that actuation with an intrinsic force-velocity relation
stabilizes hopping with a variety of different simple control approaches. With a biology-like
hyperbolic force-velocity relation the resulting hopping patterns are very little influenced
by the control method. This implies that the muscle properties dominate the hopping
characteristics, at least with respect to stability. Apart from the stabilizing advantage, these
results suggest that muscles allow reduced control effort.
Chapter 3 presents a new method to quantify the control effort based on information

theory. It basically measures control effort as how detailed the sensory information has to be
in order to succeed in movement control. The less neural information processing is required,
the less the control effort. This method reveals that the control effort is reduced when
generating hopping with a muscle-like actuator incorporating a hyperbolic force-velocity
relation. The comparison is made against a DC-motor model with a traditional kinematic
PD-control approach. The strength of this new approach is that it can be applied to such
different actuation systems.
With the knowledge about the importance of the force-velocity relation, in Chapters 4

and 5 the mechanical origin of this property is investigated. A model, based on Günther
and Schmitt (2010) and Haeufle et al. (2012b), is derived, which explains the hyperbolic
force-velocity relation originating from the dynamic interaction of three simple mechanical
elements. In Chapter 4 the possibility to recreate this mechanical property in a technical
system is explored. The numerical results are reproduced by a hardware model as a proof of
concept. However, both are only qualitatively similar to the original theoretical model. In
Chapter 5, the model and the experimental setup are modified. The quantitative deviation
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in the previous chapter is resolved. The difference can be attributed to kinetic energy in the
interaction of the elastic element with the external load in the quick release experiments. As
the theoretical, the numerical, and the hardware model now predict the same force-velocity
relations, the model can bee seen as a design concept for an artificial muscle.
The importance of the hardware test: computer simulation and hardware verification

is a powerful combination to test theories of movement generation and control (Section 1.6).
In the presented studies the hardware experiments brought important insights which did not
become evident in the theory or simulation before:
(1) in the first published version of the mechanical contractile element concept (Günther

and Schmitt, 2010) the active element force depended on the contraction velocity of the
serial element

FAE = FCE,0 + dPDE(FCE,0) · l̇SE .

In the process of implementing the active element in hardware, it seemed more appropriate to
describe FAE = FCE,0 (current isometric force) as a parameter to be held constant in quick-
release experiments. The theory was revised accordingly (Section 5.2.1) and still resulted
in a hyperbolic force-velocity relation. However, it describes the active element simpler and
more adequate for technical implementation. For the final evaluation whether this model is
more realistic than the previous model, other criteria have to be taken into account, e.g.,
the enthalpy rate and efficiency (see Figures 7.1 and Schmitt et al. (2012)).
(2) For the experimental derivation of the force-velocity relation in quick release experi-

ments, it is generally assumed that after quick release a constant external force is applied
to the muscle. This was sometimes done using controlled actuators exerting the force (e.g.,
Woittiez et al., 1987; Farahat and Herr, 2005) or with a mass in gravity (Wilkie, 1949; Gün-
ther et al., 2007), and sometimes transmitting the force through a lever arm (Hill, 1938;
McMahon, 1984). As discussed in Chapter 5, the interaction of the muscle’s serial elasticity
with the inertial load (oscillator) also contributes to the measured velocities and thus to the
measured force-velocity relation. This important contribution of the kinetic energy in the
external load has to be considered.
(3) Only the hardware test revealed, which type of energy supply in hopping can be realized

in a technical system (Chapter 6 and Kalveram et al., 2012).
Furthermore, this approach can be used to iteratively identify essential properties of a

system. For example, the mechanical model of the contractile element can only reproduce
the force-velocity relation in concentric steady-state contractions so far. The biologically
observed force saturation in eccentric contractions cannot be explained by our model. Fur-
thermore, the force-length relation, force-depression, and force-enhancement are currently
not explained by the model. Hence, it does not explain all details of the biological mus-
cle, but the functionally important (see Chapter 2 and Haeufle et al. (2010a)) hyperbolic
force-velocity relation.
Finally, it has to be remarked that the test trilogy (Section 1.6) has not been applied to all

aspects of this thesis. For the new contractile element model, numerical and hardware test
were performed, but the behavioral comparison test was only performed with data from the
literature. Additionally, the test trilogy applies better to goal oriented movement control and
requires revealing perturbations. Both aspects were not given in the study of the contraction
behavior of isolated and fully activated muscles. The test trilogy is more applicable to the
studies on hopping (Chapters 2, 3, and 6). The study on hopping summarized in Chapter 6
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Figure 7.1: Comparison of enthalpy rate and efficiency in contractions between different muscle
models and measurements. A: Comparison of enthalpy rates Ḣ (Equation (1.7)) normalized to
the maintenance heat rate ḣ0. Experimental data (Barclay, 1996: SOL: M. soleus and EDL:
M. extensor digitorum longus) were directly taken from Houdijk et al. (2006) and compared
to those predicted by our model, choosing κv = 0.85. Additional data are taken from isotonic
experiments of the artificial contractile element and from the model case κv = 0.0 representing
exactly Winters’ non-linear damper approach (Winters, 1990). Also plotted is data from Hill’s
refined fit to his measurements (Hill, 1964) (for details about the latter two cases see Günther
and Schmitt (2010)). The parameters of our model with κv = 0.85 represent a median piglet
muscle (Günther et al., 2007): FAE = FCE,0 = FAE,max = 30N , RPDE = 0.2, DPDE,max =
6667Ns/m. Leaving all other parameter values unchanged, the model case κv = 0.0 implies the
same force-velocity relation for a corresponding value DPDE,max = 1000Ns/m. B: Comparison
of the respective mechanical efficiencies ηCE = −FCE · l̇CE/Ḣ. Note: The heat rate is simply
the energy rate dissipated by the damper ḣ = dPDE(FCE) · l̇2AE . Maintenance heat rate was
assumed to be ḣ0 = cḣ0 · FCE,0 · l̇CE,max (Günther and Schmitt, 2010), with cḣ0 = 1/16 for our
specific choice of model parameters. (Figure published in Schmitt et al. (2012)).

consequently follows the test trilogy. In Chapters 2 and 3, however, only the numerical test
is discussed. One reason is the reduced complexity of the models.
Reduced model complexity: The simple spring-mass model is able to predict time

patterns of the center of mass position (CoM) as well as the ground reaction forces of human
and animal hopping, running (Blickhan, 1989), and walking (Geyer et al., 2006). However,
it is an energy conservative model incapable of explaining either the biological adaptation
to energetic perturbations, or the necessary compensation for inevitable energy losses. More
complex forward dynamic models of human locomotion (e.g., Geyer et al., 2003; Günther and
Ruder, 2003; van der Krogt et al., 2009; Geyer and Herr, 2010) incorporate leg geometry,
muscle-tendon complexes and different control strategies. However, in these models it is
difficult to identify the minimal requirements and essential features for locomotion. Hopping
models discussed in this thesis fill this gap between the spring-mass model and musculo-
skeletal models.
The spring-damper based hopping model (Chapter 6) only adds the complexity of energy

management to the spring-mass model. This was done at the level of leg stiffness and
viscous energy losses, allowing to quantify the energy lost and supplied in each cycle. From
this, fundamental physical insight into the energy management in hopping was gained. The
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hopping models studied in Chapters 3 and 2 on the other hand, incorporated intrinsic muscle
properties. By stepwise increasing the complexity (constant, linear, non-linear), their role in
the control of hopping was studied (see also Haeufle et al., 2010a). The inheritance of the
results to more complex models was discussed in detail in Section 2.4.4.
The complexity of the contractile element model (Chapters 4 and 5) is oriented on the

complexity of Hill-type muscle models. Usually, the contractile element in Hill-type models
is understood only as a black-box element, incorporating the force-length, the force-velocity,
and the stimulation-contraction relation (Eq 1.3). Hill’s hyperbolic force-velocity relation
is described by only three parameters (A, B, Fmax). Our contractile element requires four
parameters, i.e. RPDE, DPDE,max, FAE,max, and κv. Compared to the phenomenological
Hill-model, all these parameters have a physical meaning. Furthermore, the gearing ratio κV
represents an additional degree of freedom, which can be attributed either to the contractile
element itself or already to the interaction with the tendon. If the latter is true, our model
has the same number of parameters as the Hill-type model. However, it is still open, which
attribution is correct.
The relation of such macroscopic muscle models to microscopic muscle models has been

discussed from several perspectives in this thesis (Sections 1.3, 1.8 and 5.1). One example
may illustrate the relation from a physics point of view: a DC-motor model. One could
measure the torque-speed relation, fit a function to the results and use this function as a
model. This type of phenomenological black-box model is equivalent to the macroscopic
Hill-type muscle models. A detailed study of the electromagnetic forces on the level of
atoms and electrons could establish a microscopic model of the principle function. However,
it could hardly be used to model a specific DC-motor with all its windings and structural
specifics. Most commonly in dynamic simulations, macroscopic models describing the motor
by two coupled differential equations (Equation (3.8)) are used. One equation summarizes
the electrical current through the windings, and the other one the mechanical position of
the rotor. Each parameter in such a macroscopic motor model has a physical meaning. This
model is the analog to our contractile element.
Generality of the contractile element model: The strength of Hill’s muscle model

is that it is applicable to all skeletal muscles of such different animals as frogs and cats and
even spiders (Siebert et al., 2010), and also to muscles of very different sizes (Figure 7.2).
Because of the mathematically proven identity between Hill’s phenomenological model and
our mechanical model of the contractile element (see Chapter 5), the actuator design concept
could also be the basis for the construction of such different artificial muscles.
Interestingly, a variety of constructs will result in hyperbolic or hyperbolic-like force-

velocity relations. The kinematic and dynamic measures alone are therefore not enough
to determine the correctness of a muscle model. Energetic and thermodynamic measures
must be considered too. In Schmitt et al. (2012) we could show that the enthalpy rate and
efficiency indicate a high internal gearing ratio κv ≈ 0.85 for the contractile element model
in order to fit experimental data. This would mean that most of the actual contraction
happens in the SE and not the AE/PDE, and that therefore the SE cannot be purely elastic,
a possibility allowed by the theoretical model. This indicates that the internal degree of
freedom represented by κv is actually intrinsic to the contractile element and not the degree
of freedom between contractile element and elastic tendon. Such a degree of freedom has
not been considered in Hill-type muscle models so far. The discussion about κv seems very
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Figure 7.2: Concentric force-velocity relations of different muscles. Although their structural imple-
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approximated by Hill’s hyperbolic relation. The contractile element model discussed in Chap-
ter 5 is applicable to all these models. (Credit: this figure is based on a literature search done
by Matthias Kachel, a former student with our lab: (Günther et al., 2007; Cole et al., 1996;
Spector et al., 1980; van Zandwijk et al., 1996; Klute et al., 2002)).

technical but is in fact rather simple: this degree of freedom in our model in principle
allows to consistently explain, force-velocity relations and enthalpy rates. Only so far, the
mechanical source of the high κv values is unclear.
Additionally, the biological representation of the three elements is still not clear. It remains

open whether the PDE actually dissipates energy which is at the same time actively produced
by the AE, or whether it is intrinsic to the AE and thus rather hinders the AE energy output.
This could be a bio-chemical effect as proposed by the rate-equation in the Huxley-type
microscopic models or a mechanical effect so far undiscovered.
Making systems comparable by means of processed information: it has been

discussed in detail in Section 3.5, how the information theoretical approach to control ef-
fort could be applied to different biological and technical systems. In this sense, the new
approach to control effort always evaluates a complete moving system, including actuators,
controllers, mechanical body, and environment. It finally allows their comparison for one
defined movement. To fully compare the properties of several such systems, it is obviously
not enough to only compare the control effort. Other criteria have to be considered as well.
In Figure 7.3 a spider diagram is proposed for this purpose, here with exemplary data from
Chapter 3. Other criteria commonly evaluated in robotics are e.g., workspace, force-torque
output, resolution, bandwidth, precision, inertia, weight, damping, elasticity, friction, trans-
parency (capability to suppress feel of resisting forces, or to pretend "free" motion), and
safety1. Additionally, comparison of systems is often only possible by normalizing results to
characteristic system properties, e.g., information per body weight (I/m) or time required
for a movement (I/T ), or could be related to time (dI/dt) or energy (dI/dE) as an infor-
mation flow. This would allow e.g., to compare the control effort for locomotion of leopards,
snails and robots on the level of information.

1A list presented by Prof. Gassert (ETH Zürich) with respect to haptic interfaces, June 2012.
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Figure 7.3: Spider diagram for information, performance, stability, robustness, and elasticity in
hopping. Here, the muscle is driven by a feed-forward activation pattern A(t). The resolution of
the A(t) pattern is varied, as well as the time resolution of the trigger event (take off) detection.
Results are shown for the previously published resolution (Haeufle et al., 2010a) (blue), a lower
pattern resolution (green) and additionally a lower take-off detection time resolution (red).
Resolutions are given as [∆A, ∆tpattern, ∆ttake-off]. The minimal required information was
Imin = 34 bit (red). For all characterizing quantities the preferred values lie on the outside
of the diagram (little information, high performance, good stability, high robustness, elastic
behavior).

This shows how difficult it still is to determine which actuator is “better” than the oth-
ers. The primary challenge is to determine the most relevant criteria. This has recently
become a socially relevant problem when the South African double amputee Oscar Pistorius
participated in the 400m sprint and 400m raleigh at the regular Olympic Games (London
2012). The question was, whether or not he has an advantage from his prosthetic legs over
regular athletes. The spring-like carbon prostheses are said to be more energy efficient than
biological legs. The International Association of Athletics Federations (IAAF) prohibits the
use of devices which give an athlete an advantage2. The Court of Arbitration for Sport
(CAS) interpreted this criterion as an overall net-advantage. From the discussion above it
seems almost impossible to determine whether or not he has a net-advantage. The only way
this might be possible in the future is by determining which criteria and aspects are most
relevant in running.
A step in this direction was proposed in this thesis by determining the relevant actuator

properties (e.g., the hyperbolic force-velocity relation) and quantifying their benefit (better
stability, less control effort). In this sense, the new approach to control effort is an important
step, as it allows a comparison of different actuator types. From my point of view, our results
show a disadvantage for Pistorius as the passive prostheses do not incorporate the beneficial
properties of muscles. All the more impressive that he made it into the 400m semi finals in
London.

2IAAF competition rule 144.2(e) prohibits the “use of any technical device that incorporates springs, wheels
or any other element that provides the user with an advantage over another athlete not using such a
device.” (IAAF Competition Rules 2008).

88



7.1 Personal view on the greater context

Steps towards robotic application: As reviewed in the introduction (Section 1.8), the
first step to incorporate compliance in robots was to actively control compliant behavior
with stiff actuators. The recent developments in variable compliance actuators, including a
large european grant “VIACTORS”3, promote the incorporation of passive elastic structures
in actuators. The next logical step towards bio-inspired actuation is the incorporation of
the variable damping characteristics (e.g., Garcia et al., 2011) of biological muscles. Our
proposed concept for such an actuator could so far only be proven in a technical test-bed,
in size and weight far from the biological counterpart. Here, the next step will be to try
new materials, new actuation principles, and new manufacturing processes to come up with
a small and powerful actuator comparable to biological muscles. Recent research in new
active materials may offer solutions to the engineering challenges involved in this endeavor.

7.1 Personal view on the greater context
“The fact that there is cosmos rather than chaos is the starting point of science.”

P.C.W. Davies

In this statement P. Davies summarizes the fascinating observation that the universe com-
prises many distinct objects that we can name: galaxies, stars, planets, plants, flies4, muscles
etc. They all represent complex recognizable structures and not chaos. Some of them even
show a dynamic behavior we call “being alive”. All this structure in the universe exists despite
the second law of thermodynamics demanding the steady increase of entropy in all thermody-
namical systems and thus a steady decrease of structure. Nevertheless, the electro-magnetic
interaction of atoms and molecules afford the existence of vast and complex structures, such
as the human organism far from thermodynamical equilibrium.
It has been suggested that information plays a crucial role in the formation of such struc-

tures (e.g., Bennett, 1985; Polani, 2009). This role becomes a little clearer in the thought
experiment of “Maxwell’s Demon”. The demon is a hypothetical entity controlling the flow of
particles between two containers. By allowing only hot particles to pass in one direction and
cool particles pass in the other direction, the demon could allow a heat flow from a cooler to
a warmer container, which is forbidden by the second law of thermodynamics. The solution
to the problem is that the demon needs to measure the particle velocities, allow or forbid
the particle passage, and needs to forget the measurement result before the next measure-
ment can be evaluated (Bennett, 1982; Weigand et al., 2010). Even if the measurement and
the opening of the passage can be done reversibly, forgetting the information gained in the
measurement is an irreversible process generating more entropy than reduced by the sorting
of the particles.
This example shows that entropy and information are closely related to each other. Al-

though the physics fundament with the four distinct interactions (see introduction), the
conservation laws, and the thermodynamic principles is well established, its application to
dynamic systems far from thermodynamical equilibrium is a challenging and fascinating
endeavor. The indication that emergence of structures, despite the second law of thermody-
namics, is closely related to information suggests that information is a crucial quantity in

3http://www.viactors.eu/
4Flies by the way are annoying me, as they are flying around my head while I’m writing these words.
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living organisms. Also research on cybernetics and artificial intelligence particularly empha-
sizes the role of information (Wiener, 1948; Ashby, 1956; Belis and Guiasu, 1968). In this
context, the physics based information approach to control effort (Chapter 3) may offer a
connection between biomechanical research and these adjacent fields worthwhile of further
research.
But how can complex behavior emerge? Valentino Braitenberg develops in thought exper-

iments self-operating machines, called vehicles, which exhibit complex behavior on the basis
of very simple sensor-actuator couplings (Braitenberg, 1986). He attributes to the emerg-
ing behavior qualities like “love”, “aggression”, or “creative thinking”, which are commonly
thought to only emerge in very complex beings. Looking at it the other way around, it be-
comes clear that observed complex behavior does not necessarily require complex underlying
structures.
In his book Braitenberg focuses on the “neural” sensor-actuator coupling, and thus on

what he calls “synthetic psychology”. The results of this thesis suggest to also consider
mechanical structures and their contribution to movement generation. If they are added
to his “vehicles”, even more interesting and complex behavior could emerge with even less
“neural” contribution. Or, in terms of Chapter 3, very complex behavior can emerge with very
little processed information, especially if the agent (or vehicle) incorporates well-designed
materials and structures.
Finally, this leads to a question often debated between robotic engineers, biologists, and

psychologists: how is the movement generation organized? In industrial robotic engineering
it is the goal to exactly know the state of the system at any time in order to use adequate
control to generate desired movements. This leads to the requirement of very fast sensor eval-
uation and motor response, to very stiff systems, and to high demands on the computational
side. Interestingly, at least the first two requirements are not fulfilled in biological systems.
It is sometimes assumed that the enormous computational power of our brain together with
the many sensors could somehow compensate for the slow neural path-ways and the soft
and elastic structures in our body. However, to my knowledge nobody has yet proposed a
satisfying concept to explain how this could be done. Especially a concept that could pass
all tests of the test trilogy (Kalveram and Seyfarth, 2009). Thus, it is questionable whether
the industrial robotics concept is at all applicable to biological systems at all.
The results of this thesis and other research propose a different view. Movement gen-

eration in biology may be organized in a hierarchical way (Powers, 1973; Kalveram et al.,
2012). At the lowest level, mechanical structures together with very simple neural control
strategies (reflexes (Prochazka et al., 2002; Geyer and Herr, 2010), central pattern generators
(Ijspeert, 2008), or equilibrium point control (Feldman and Levin, 2009)) generates move-
ment primitives (e.g., Degallier and Ijspeert, 2010). The actuator dynamics are non-linear,
the neural control has delays, and the elasticities do not allow for an exact determination of
the system state. However, these basic “functional units” are reliable and thus easy to “ex-
ploit” by the next higher level in the control hierarchy. An example discussed in this thesis
is hopping with force-feedback and muscle like properties: once this sensor-actuator loop is
engaged, hopping is generated and even stabilized against perturbations without the need of
further control. Additionally, by varying only one parameter, namely the feedback gain GF ,
the hopping height can be varied. Evidently, these low-level functional units “appear” very
simple to the higher-level controller. They may even appear “linear” allowing a very simple
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control.
These observations seem very promising. So far, however, this theory has not been proven

under the terms of the test trilogy. For locomotion though, there are at least two simulation
tests which support this hypothesis: Günther and Ruder (2003) synthesized human walking
in a musculo-skeletal simulation with control based on the equilibrium point theory (λ-
model), and Geyer and Herr (2010) with control based on simple reflexes. A hardware test
is still pending.
In the end effect this would mean that biological structures do not need a high performance

brain to generate basic movements like walking or running. But why does evolution then
allow such an expensive central brain which consumes about 20% of the metabolic energy
(Mink et al., 1981)? Maybe the reason lies in the diversity of movements, actions, and the
design and usage of tools that allow us to adapt to many different ecological niches.
The ideas discussed in this section are an attempt to propose spots and links where the

puzzle pieces, developed in this thesis, might fit into the big picture of current research
questions. These research questions are being posed in the realm where physics, biology,
engineering, biomechanics, psychology, cybernetics, and artificial intelligence overlap. Al-
though all these disciplines have contributed to the fascinating puzzle of locomotion, and
movement generation in general, the puzzle is still not fully resolved. Much needs to be
done before we can predict the gold medal winner of the next Olympic Games via models.
Although the research will be continued, I assume that once the olympic fire burns in Rio
de Janeiro and we watch the athletes there, we will be puzzled by the elegance, diversity,
and complexity of human movements again.
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