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Abstract

This dissertation presents novel computational methods to infer accurate functional mod-
els of musculoskeletal systems from minimal experimental data focussing on the tendon
networks of the human fingers as an example. State of the art biomechanical modeling
consists of assuming a fixed structure to the system being modeled and measurement or
regression of specific parameter values. However, the assumed structure may not be the
best representation of the system and hence lead to a functionally less-accurate model.
The objective here is to simultaneously infer both the structure and the parameter val-
ues directly from experimental input-output data. We present novel methods to infer
computational models of two kinds— analytical models capturing input-output behavior
without specifically modeling the mechanics of the system, and physics-based models
that explicitly capture the mechanics of interactions of the constitutive elements. Using
experimental data from a tendon-driven robotic system and synthetic data from simu-
lated musculoskeletal systems, a novel method based on symbolic regression using genetic
programming that simultaneously infers the form and parameter values of mathemati-
cal expressions is presented and shown to outperform polynomial regression, the state

of the art method used in musculoskeletal modeling. This method is then implemented

xvii



on experimental data collected from a cadaveric index finger to obtain accurate analyti-
cal functions for the tendon excursions of the seven tendons of the finger. Whether the
goal is to obtain accurate subject-specific models or to obtain generalizable models, the
functions obtained using this novel technique are more accurate than both polynomial
regressions and Landsmeer-based models, both of which have been used in the literature.
Experimental control of a cadaveric index finger to produce simple finger movements
gives some insight on how a muscle-like spring based control can be more advantageous
than using simple force or position control. Two different kinds of equilibria is demon-
strated in the human cadaveric index finger, for the first time to our knowledge, and their
relationship to the null space of the moment arm matrix is studied. An experimental
validation, of some common models of the index finger in their ability to predict fingertip
output is presented and it is shown that the fingertip force is sensitive to moment arm
values. A novel non-linear finite element method based solver is developed that can be
used to model the interactions of elastic tendon networks on arbitrarily shaped bones.
This solver which is validated using experimental data is then used to model the extensor
mechanism draped on the finger bones and a local sensitivity analysis is performed to see
how the fingertip force output is affected by changes to the properties of the network.
It is concluded that fingertip force output is most sensitive to topology and the resting
lengths of the bands of the extensor mechanism. Finally, a novel inference algorithm
that is based on the co-evolution of models and tests is used to infer the parameters and
topology of a 3 dimensional model of the extensor mechanism directly from cadaveric

data with minimal number of experimental data points through intelligent testing. It is

xviil



shown that the inferred models are more accurate in predicting fingertip force magnitude

and direction compared to a model popularly used in the literature.
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Chapter 1

Introduction

1.1 Background

Computational models are useful tools to understand the behavior of musculoskeletal sys-
tems and have been extensively used by the biomechanics community for some time now.
They help us understand how movement and force are produced by the human body, to
test theories of motor control and to determine the states of a system that cannot be
measured experimentally. They are useful to simulate changes on injury or disease and to
predict outcomes of surgeries. Chapter 2 has details on the uses of musculoskeletal mod-
els and how they can be built. Most often, these models are built based on anatomical
observations, assumptions about the structure of the system and measurement of some in-
dividual parameters through experimental studies. Many times anatomical observations
may be inaccurate or not capture the mechanical/functional behavior of the system. Also
experimentally measuring all properties of the system is not always feasible. Hence there

can be large discrepancies between the data and the model. Most cases these models



are not validated with experimental data. This dissertation focuses on the concept of in-
ference of musculoskeletal models directly from experimental data with few assumptions
about the structure and parameter values. The hypothesis is that models inferred from
experimental data would more accurately capture the functional behavior of the system
than these existing models based on assumptions about the anatomy. Inference of such
models requires a combination of tools from carefully measured experimental data consist-
ing of system inputs and outputs to a modeling environment where these musculoskeletal
systems can be represented, to inference algorithms that can estimate the structure and
parameters of these models directly from experimental data. With advances in the field
of electromechanical actuation, computational mechanics, machine learning, artificial in-
telligence and optimization, we are at a unique position to combine these different tools
to develop informative models of these complex systems. This dissertation demonstrates
new inference methods to learn models of musculoskeletal systems from experimental

data using the tendon networks of the fingers as an example.

1.2 Modeling the human tendon networks

Finger joint motion and fingertip force production are critical to the activities of daily liv-
ing. These are produced by the coordinated actuation of multiple finger muscles through
the intricate network of interconnections constituting the extensor mechanism. How these
different finger muscles coordinate to produce finger motion and force is still an unan-
swered question. While it is important to understand the neural control of the muscles

actuating the fingers, it is also critical to understand the role of passive biomechanical



tissue that transfers forces from the muscles to the finger joints. In fact, developing and

testing theories of neural control heavily depend on a good representation of the ‘plant’.

1.2.1 Anatomy

Tendons in most parts of the body connect a single muscle to a single point of attachment
on the bone. In the hand, tendons form complex networks of interconnections that
connect multiple muscles to multiple points of attachment on the bones. These networks
exist within a single finger (i.e. the extensor mechanism, Fig. 1.1a) as well as across
multiple fingers (i.e. the junctura tendinae, Fig. 1.1b). The finger musculature is able to
coordinate finger movement and finger force production by transmitting forces through
this intricate network of collagenous fibers.

Fig. 1.2 shows the main components of the extensor mechanism of the fingers. It
consists of bands of collagenous fibers that transfer forces from three main sets of inputs
to two tendon slips, the central and terminal slip, that actuate the joints. In the case
of the index finger, these three inputs come from four muscles : the extensor indicis,

extensor digitorum communis, first palmar interosseous and the lumbrical.

1.2.2 Functional significance of the extensor mechanism

Clinicians, anatomists, biomechanists and neurophysiologists have been interested in un-
derstanding the role of the tendon networks in human manipulation for several decades
now (Haines 1951, Landsmeer 1949, Schieber & Santello 2004, Valero-Cuevas 2005, Brand
& Hollister 1999). Most studies so far have been qualitative analyses of the func-

tional significance of the extensor mechanism based on testing of cadaveric specimens



. Grant, J. C. B. and J.E. Anderson (1978).
Netter, F. Atlas of Human Anatomy, 3rd edition, pp 447-453 “Grant's atlas of anatomy’, Williams & Wilkins

(a) Extensor mechanism of the finger (b) Juncturae tendinae across fin-
gers

Figure 1.1: Tendon networks of the hand
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Clavero et al. (2003). “Extensor Mechanism of the Fingers: MR Imaging-Anatomic Correlation”, Radiographics

Figure 1.2: (Clavero et al. 2003)



(Smith 1974, Landsmeer 1949, Harris Jr & Rutledge Jr 1972, Littler 1967). These studies
have shown that the extensor mechanism produces anatomical coupling of interphalangeal
joint rotations (Landsmeer 1963, Harris Jr & Rutledge Jr 1972) and its absence causes
the interphalangeal joints to flex sequentially and not in unison (Brand & Hollister 1999).
There have been simplistic 2D planar models of the extensor mechanism that have also
tried to demonstrate this effect (Spoor & Landsmeer 1976, Leijnse, Bonte, Landsmeer,
Kalker, Van der Meulen & Snijders 1992, Leijnse 1996, Kamper, George Hornby &
Rymer 2002). The contribution of the extensor mechanism versus neural factors to-
wards interphalangeal coupling is still not clear (Darling, Cole & Miller 1994, Kuo, Lee,
Jindrich & Dennerlein 2006).

Several studies have focussed on understanding the geometric and tensile proper-
ties of the different components of the extensor mechanism(Landsmeer 1949, Haines
1951, Garcia-Elias, An, Berglund, Linscheid, Cooney lii & Chao 1991, Garcia-Elias, An,
Berglund, Linscheid, Cooney & Chao 1991). It has been shown that the relative ori-
entation of the different bands of the extensor mechanism vary significantly with finger
posture, thus changing the effective moment arm of the extensor mechanism about the
interphalangeal joints (Garcia-Elias, An, Berglund, Linscheid, Cooney lii & Chao 1991).
The force distribution through the different bands of the extensor mechanism also changes
significantly with finger posture; the lateral bands transmitting majority of the force in
the extended posture and the central and terminal bands transferring majority of the force
in the flexed posture (Sarrafian, Kazarian, Topouzian, Sarrafian & Siegelman 1970, Micks

& Reswick 1981).



The clinical significance of understanding the function of the extensor mechanism
cannot be overstated (Bunnell 1945, Brand & Hollister 1999, Zancolli 1979). Even slight
damage to these networks leads to finger deformities and loss of function (Stark, Boyes
& Wilson 1962, Littler 1967, Rockwell, Butler & Byrne 2000). Two of the most common
finger deformities caused due to damage of the extensor mechanism are the boutonniere
deformity (Fig. 1.3a) and the mallet finger (Fig. 1.3b).The boutonniere deformity occurs
due to rupture of the central slip of the extensor mechanism and the mallet finger defor-
mity due to rupture of the terminal slip. Also other finger deformities like the swan neck
deformity caused due to inflammation of the proximal interphalangeal (PIP) joint during
rheumatoid arthritis results in force imbalance in the extensor mechanism leading to loss
of function. How the different components of the extensor mechanism contribute to force

transmission and how forces redistribute upon damage has still not been understood.

http://www.handspecialists.com/

http://www.davidinelson.md

(a) Boutonniere deformity (b) Mallet finger

Figure 1.3: Finger deformities caused by damage to the extensor mechanism.



1.3 Previous Work

The Winslow’s rhombus representation originally described by Winslow and reproduced
in drawing by Zancolli (Zancolli 1979) has been the generally accepted representation
for the extensor mechanism, though there have been alternative descriptions that have
been suggested in the literature(Garcia-Elias, An, Berglund, Linscheid, Cooney lii &
Chao 1991, Garcia-Elias, An, Berglund, Linscheid, Cooney & Chao 1991). This model
(the Winslow’s rhombus) was based on qualitative anatomical observations in cadaveric
tissue and no quantitative proof exists even today if this is a good functional represen-
tation of the real structure. Hence there is need to either validate this model in its
ability to reproduce experimental data or suggest alternative, more accurate, functional
models. The reason why Winslow’s model representation has not been validated so far
is largely because of the computational complexity involved in modeling a deformable
elastic network wrapped on a set of irregular bones and also because obtaining extensive
experimental data from cadaveric specimens is very difficult.

The work of An and Chao on modeling hand function was one of the early compu-
tational studies to employ the Winslow’s rhombus representation to model the exten-
sor mechanism (An, Chao, Cooney & Linscheid 1979, An, Chao, Cooney & Linscheid
1985, Chao & An 1978a). These studies assumed a fixed distribution of tendon ten-
sions among the different bands of the extensor mechanism for all postures. This model
was later used in other studies as well (Li, Zatsiorsky & Latash 2001, Harding, Brandt &
Hillberry 1993, Dennerlein, Diao, Mote Jr & Rempel 1998, Weightman & Amis 1982). But

earlier studies had shown that the geometry of the bands as well as the force distribution



through them, change significantly with posture (Garcia-Elias, An, Berglund, Linscheid,
Cooney Iii & Chao 1991, Sarrafian et al. 1970, Micks & Reswick 1981). Hence a 3D
‘floating net’ model was suggested by Valero-Cuevas et al. where the tension distribution
in the different bands would vary with posture (Valero-Cuevas, Zajac & Burgar 1998).
They found that only when they allowed the distribution of tensions to change with
posture that the finger model could accurately predict the measured maximal isometric
forces and the coordination patterns that produced them. Two dimensional planar mod-
els of the finger have also used a simplified Winslow’s rhombus representation (Leijnse
et al. 1992, Leijnse 1996, Spoor 1983). But two dimensional models combine the lum-
brical and interossei tendons as one tendon, do not include ad-abduction of the finger
and they cannot capture all the interdependencies of the different bands of the extensor
mechanism.

Recently, Sueda et al. have developed a dynamic simulator of hand motion that models
the tendon networks in three dimensions (Sueda, Kaufman & Pai 2008). Tendinous
connections are represented as cubic splines and their interactions with bones are modeled
by line and surface constraints. This model, developed mainly for the graphics community,
aims to produce physically realistic simulations of hand motion and has not been validated
for its functional accuracy in modeling finger motion and force data. The predecessor
to the computational simulator that we have developed here, is the one developed by
Valero-Cuevas and Lipson that is based on the relaxation algorithm (Valero-Cuevas &
Lipson 2004, Valero-Cuevas, Anand, Saxena & Lipson 2007, Valero-Cuevas, Yi, Brown,
McNamara, Paul & Lipson 2007, Lipson 2006). This simulator uses simple cylinders to

models bones and is computationally slow.



Other finger dynamic models use analytical functional representations for the different
components of the tendon networks (Brook, Mizrahi, Shoham & Dayan 1995, Buchner,
Hines & Hemami 1988, Sancho-Bru, Perez-Gonzalez, Vergara-Monedero & Giurintano
2001). These analytical expressions, derived by Landsmeer based on geometry, map joint
angles to tendon excursions (Landsmeer 1961). While these functional models may be con-
venient for dynamic modeling and for purposes of control, they do not capture the physics
of interaction of the different components of the extensor mechanism. Also these models
have not been validated with experimental data. Most full body musculoskeletal model-
ing software like SIMM (Motion Analysis Corporation) (Delp & Loan 1995), AnyBody
(AnyBody Technology) (Damsgaard, Rasmussen, Christensen, Surma & de Zee 2006) and
MSMS (Davoodi, Urata, Hauschild, Khachani & Loeb 2007) do not model the tendon
networks of the hand. We have described the steps involved in computational modeling
of biomechanical systems and provided an overview of current methods in our recently
published review article (Valero-Cuevas, Hoffmann, Kurse, Kutch & Theodorou 2009).

The estimation-exploration algorithm is an active machine learning technique based on
coevolution that has been used successfully for the inference of the topologies and parame-
ter values of several complex nonlinear systems through minimum experimentation(Bongard
& Lipson 2005a, Bongard & Lipson 2005b, Bongard & Lipson 2004a, Bongard & Lipson
2004b, Lipson, Bongard, Zykov & Malone 2006).

The same algorithm has also been successfully employed for the inference of the struc-
ture of the extensor mechanism in two dimensions with simulated data generated by

a hidden target network as well as data from synthetic networks and cadaveric tissue
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Figure 1.4: General representation of the Estimation-Exploration Algorithm (Bongard
& Lipson 2005a)

(Valero-Cuevas, Anand, Saxena & Lipson 2007). This is briefly described in section

1.3.1.

1.3.1 Prior work in the lab leading to current work

e Importance in motor control : It was shown using cadaveric experimental data and
in computer simulations that the extensor mechanism could be performing a com-
plex transformation from muscle forces to finger joint torques. Hence, understand-
ing the function of these passive structures is critical for the development of theories

of motor control (Valero-Cuevas, Yi, Brown, McNamara, Paul & Lipson 2007).

e Importance of topology: Using a three-dimensional computational model of the
extensor mechanism draped on bones, it was shown that the output of the finger
critically depends on the assumed topology of the network(Valero-Cuevas, Anand,

Saxena & Lipson 2007, Valero-Cuevas, Yi, Brown, McNamara, Paul & Lipson 2007).
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Hence computational models of the hand being developed to understand finger

function would require accurate representations of the extensor mechanism topology.

Inference of network topologies from simulated data in 2D : The topologies of hid-
den, two dimensional, elastic networks were inferred from simulated data (Valero-
Cuevas, Anand, Saxena & Lipson 2007). It was shown that the estimation-exploration
algorithm required fewer experimental tests and converged to more accurate func-
tional representations of the hidden elastic networks in comparison to random test-

ing.

Inference of planar two dimensional networks from experimental data : The topolo-
gies of planar, synthetic, elastic networks were inferred from experimental data
generated by sequential loading of these networks. This demonstrated that the
estimation-exploration algorithm could be successfully employed in the inference
of complex network topologies even with noisy experimental data (Manuscript in

review).

Inference of the topology of the extensor mechanism in two dimensions : The topol-
ogy of the extensor mechanism in two dimensions was successfully inferred using the
estimation-exploration algorithm from experimental data collected by differential
loading of cadaveric tissue. This was further proof that the estimation-exploration
algorithm can be successfully used for the inference of topology and parameters of

complex biological systems (Manuscript in review)..
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1.4 Significance of Research

This dissertation presents novel methods for the development of computational models of
musculoskeletal systems, specifically focussing on the tendinous networks of the human
fingers. It combines experimental studies of human cadaveric specimens with mathemat-
ical analyses, solid mechanics and novel inference algorithms to develop computational
models of two kinds : analytical functional models and physics-based models. The meth-
ods of computational modeling presented here make contributions to the areas of motor
control, clinical research, evolutionary understanding of biomechanical systems and in
the development of robotics and prosthetics.

Understanding motor control of human movement and force require accurate math-
ematical representations of the ‘plant’. The inference of compact, analytical functions
modeling tendon routing in musculoskeletal systems and the specific models for the index
finger presented here enable the development of dynamical models to test theories of mo-
tor control. Cadaveric control of the index finger to produce simple finger movements as
well as the observation of two forms of equilibria in specific postures and tendon tension
combinations contributes to our understanding of finger movement control. While there
have been several simplified representations of the tendon networks of the fingers, none of
the existing representations actually model the physics of interactions of these networks
with the bones. The finite element solver presented here would allow clinicians and re-
searchers to mathematically understand how the different components of these networks
help transform forces generated by the muscles to end point fingertip force. Simulation of

injury and damage to these networks could help predict changes in force transformation
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and help surgeons plan repair and surgery to restore function in the fingers. Simulat-
ing different network topologies, node positions and elastic properties of the extensor
mechanism throws light on the significance and uniqueness of the existing structure from
an evolutionary perspective. The estimation exploration algorithm implemented here to
optimize models of the extensor mechanism with minimal experimentation is a step to-
wards development of subject-specific musculoskeletal models through intelligent testing.
The ultimate goal would be to infer accurate subject-specific models of musculoskeletal
systems in human subjects by performing only those tests that provide most information

about the system being modeled.

1.5 Dissertation outline

1.5.1 Chapter 2

This chapter reviews musculoskeletal modeling literature and demonstrates the steps in-
volved in constructing a musculoskeletal model using the example of the human arm. This
formed a part of the section on musculoskeletal modeling that I wrote in the review paper
(Valero-Cuevas et al. 2009) published in the IEEE Reviews in Biomedical Engineering.

Dr. Francisco J. Valero-Cuevas is a co-author of this section.

1.5.2 Chapter 3

This chapter presents a novel method based on symbolic regression using genetic program-
ming to simultaneously infer both the form and parameter values of analytical functions

describing tendon excursions and moment arms in musculoskeletal systems. Using (i)
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experimental data from a physical tendon-driven robotic system with arbitrarily routed
multiarticular tendons and (ii) synthetic data from musculoskeletal models, it is shown
that these analytical functions outperforms polynomial regressions in the amount of train-
ing data, ability to extrapolate, robustness to noise, and representation containing fewer
parameters — all critical to realistic and efficient computational modeling of complex mus-
culoskeletal systems. This is a paper that was published in the IEEE Transactions on
Biomedical Engineering (Kurse, Lipson & Valero-Cuevas 2012). Dr. Hod Lipson and Dr.

Francisco J. Valero-Cuevas are co-authors.

1.5.3 Chapter 4

This chapter presents the application of the above method to infer analytical functions
for the tendon excursions in a human index finger from cadaveric experimental data. It
demonstrates that these inferred models are more accurate and have fewer parameters
compared to both polynomial regressions and models based on geometry, whether the
goal is to obtain subject-specific models or models that generalize across subjects. Dr.

Hod Lipson and Dr. Francisco J. Valero-Cuevas are co-authors.

1.5.4 Chapter 5

This chapter presents the use of the tendon actuation system to control a human index
finger to produce slow tapping motion. It also demonstrates a specific kind of equilibrium
(what we term neutral equilibrium) in specific finger postures and combinations of tendon
tensions which are shown to lie in the null space of the finger’s moment arm matrix in

those postures. Dr. Jason Kutch and Dr. Francisco J. Valero-Cuevas are co-authors.
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1.5.5 Chapter 6

Three existing models of the human index finger are evaluated with experimental data.
It is shown that fingertip output is sensitive to moment arm values and these existing
models diverge from experimental data necessitating more accurate representations. This
was presented at the American Society of Biomechanics conference 2011 at Long Beach.

Dr. Hod Lipson and Dr. Francisco J. Valero-Cuevas are co-authors.

1.5.6 Chapter 7

A novel nonlinear finite element method based tendon network simulator is presented,
validated with experimental data and used to study the sensitivity of the fingertip force
output to the topology and parameters of the finger’s extensor mechanism. Dr. Hod

Lipson and Dr. Francisco J. Valero-Cuevas are co-authors.

1.5.7 Chapter 8

Three dimensional models of the finger’s extensor mechanism topology and parameter
values are inferred directly from experimental data collected from a cadaveric index finger
through intelligent testing using the estimation-exploration algorithm. Dr. Hod Lipson

and Dr. Francisco J. Valero-Cuevas are co-authors.

1.5.8 Chapter 9

Chapter 9 discusses some of the challenges faced in the inference of computational models

of the tendon networks from experimental data.
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1.5.9 Chapter 10

Chapter 10 discusses conclusions and future work.
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Chapter 2

Fundamentals of Biomechanical Modeling

Computational models of the musculoskeletal system (i.e., the physics of the world and
skeletal anatomy, and the physiological mechanisms that produce muscle force) are a
necessary foundation when building models of neuromuscular function. Musculoskeletal
models have been widely used to characterize human movement and understand how
muscles can be coordinated to produce function. While experimental data are the most
reliable source of information about a system, computer models can give access to pa-
rameters that cannot be measured experimentally and give insight on how these internal
variables change during the performance of the task. Such models can be used to sim-
ulate neuromuscular abnormalities, identify injury mechanisms and plan rehabilitation
(Neptune 2000, McLean, Su & van den Bogert 2003, Fregly 2008). They can be used by
surgeons to simulate tendon transfer (Herrmann & Delp 1999, Magermans, Chadwick,
Veeger, Rozing & Van der Helm 2004, Valero-Cuevas & Hentz 2002) and joint replace-
ment surgeries (Piazza & Delp 2001), to analyze the energetics of human movement
(Kuo 2002), athletic performance (Hull & Jorge 1985), design prosthetics and biomedical

implants (Huiskes & Chao 1983), and functional electric stimulation controllers (Schutte,
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Rodgers, Zajac, Glaser, Center & Alto 1993, Davoodi, Brown & Loeb 2003, Davoodi &
Loeb 2003).

Naturally, the type, complexity and physiological accuracy of the models vary depend-
ing on the purpose of the study. Extremely simple models that are not physiologically
realistic can and do give insight into biological function (e.g., (Garcia, Chatterjee, Ruina
& Coleman 1998)). On the other hand, more complex models that describe the physiol-
ogy closely might be necessary to explain some other phenomenon of interest (Van der
Helm 1994). Most models used in understanding neuromuscular function lie in-between,
with a combination of physiological reality and modeling simplicity. While several pa-
pers (Pandy 2001, Zajac 2002, Zajac, Neptune & Kautz 2002, Buchanan, Lloyd, Manal
& Besier 2004, Hatze 2005, Thelen, Anderson & Delp 2003, Piazza 2006, Fernandez &
Pandy 2006) and books (Winter 1990, Winters 2000, Yamaguchi 2005) discuss the im-
portance of musculoskeletal models and how to build them, we will give a brief overview
of the necessary steps and discuss some commonly performed analyses and limitations
using these models. We will illustrate the procedure for building a musculoskeletal model
by considering the example of the human arm consisting of the forearm and upper arm

linked at the elbow joint as shown in Fig. 2.1.

2.1 Computational environments

The motivation and advantage of graphical /computational packages like SIMM (Motion
Analysis Corporation), AnyBody (AnyBody Technology), MSMS, etc. (Delp & Loan

1995, Davoodi et al. 2003, Damsgaard et al. 2006) is to build graphical representations
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Figure 2.1: Simple model of the human arm consisting of two planar joints and six
muscles.

of musculoskeletal systems, and translate them into code that is readable by multibody
dynamics computational packages like SDFast (PTC), Autolev (Online Dynamics Inc.),
ADAMS (MSC Software Corp.), MATLAB (Mathworks Inc.), etc. or use their own
dynamics solvers. These packages allow users to define musculoskeletal models, calculate
moment arms and musculotendon lengths, etc.

This engineering approach dates back to the use of computer aided design tools and
finite element analysis packages to study bone structure and function in the 60’s, which
grew to include rigid body dynamics simulators in the mid 80’s like ADAMS and Au-
tolev. Before the advent of these programming environments (as in the case of computer
aided design), engineers had to generate their own equations of motion or Newtonian
analysis by hand, and write their own code to solve the system for the purpose of inter-
est. Available packages for musculoskeletal modeling have now empowered researchers
without training in engineering mechanics to assemble and simulate complex nonlinear

dynamical systems. The risk, however, is that the lack of engineering intuition about how
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complex dynamical systems behave can lead the user to accept results that one otherwise
would not. In addition, to our knowledge, multibody dynamics computational packages
have not been cross-validated against each other, or a common standard, to the extent
that finite elements analysis code has (Anderson, Ellis & Weiss 2007) and the simulation
of nonlinear dynamical systems remains an area of study with improved integrators and
collision algorithms developed every year. An exercise the user can do is to simulate the
same planar double or triple pendulum (i.e., a limb) in different multi-body dynamics
computational packages and compare results after a few seconds of simulation. The dif-
ferences are attributable to the nuances of the computational algorithms used, which are
often beyond the view and control of the user. Whether these shortcomings in dynamical
simulators affect the results of the investigation can only be answered by the user and
reviewers on a case-by case basis, and experts can also disagree on computational results
in the mainstream of research like gait analysis (Neptune, Kautz & Zajac 2001, Neptune,

Zajac & Kautz 2004, Kuo & Maxwell Donelan 2009).

2.2 Dimensionality and redundancy

The first decision to be made when assembling a musculoskeletal model is to define dimen-
sionality of the musculoskeletal model (i.e., number of kinematic degrees-of-freedom and
the number of muscles acting on them). If the number of muscles exceeds the minimal
number required to control a set of kinematic degrees-of-freedom, the musculoskeletal
model will be redundant for some sub-maximal tasks. The validity and utility of the

model to the research question will be affected by the approach taken to address muscle
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redundancy. Most musculoskeletal models have a lower dimensionality than the actual
system they are simulating because it simplifies the mathematical implementation and
analysis, or because a low-dimensional model is thought sufficient to simulate the task be-
ing analyzed. Kinematic dimensionality is often reduced to limit motion to a plane when
simulating arm motion at the level of the shoulder (Abend, Bizzi & Morasso 1982, Mussa-
Ivaldi, Hogan & Bizzi 1985, Shadmehr & Mussa-Ivaldi 1994), when simulating fingers
flexing and extending (Dennerlein, Diao, Mote Jr & Rempel 1998) or when simulating
leg movements during gait (Olney, Griffin, Monga & McBride 1991). Similarly, the num-
ber of independently controlled muscles is often reduced (An et al. 1985) for simplicity,
or even made equal to the number of kinematic degrees-of-freedom to avoid muscle re-
dundancy (Harding et al. 1993). While reducing the dimensionality of a model can be
valid in many occasions, one needs to be careful to ensure it is capable of replicating
the function being studied. For example, an inappropriate kinematic model can lead to
erroneous predictions (Valero-Cuevas, Towles & Hentz 2000, Jinha, Ait-Haddou, Binding
& Herzog 2006), or reducing a set of muscles too severely may not be sufficiently realistic
for clinical purposes.

A subtle but equally important risk is that of assembling a kinematic model with a
given number of degrees of freedom, but then not considering the full kinematic output.
For example, a three-joint planar linkage system to simulate a leg or a finger has three
kinematic degrees of freedom at the input, and also three kinematic degrees of freedom
at the output: the x and y location of the endpoint plus the orientation of the third link.
As a rule, the number of rotational degrees-of-freedom (i.e., joint angles) maps into as

many kinematic degrees-of-freedom at the endpoint (Murray, Li & Sastry 1994). Thus,
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for example, studying muscle coordination to study endpoint location without considering
the orientation of the terminal link can lead to variable results. As we have described in
the literature (Valero-Cuevas et al. 1998, Valero-Cuevas 2009), the geometric model and
Jacobian of the linkage system need to account for all input and output kinematic degrees-
of-freedom to properly represent the mapping from muscle actions to limb kinematics and

kinetics.

2.3 Skeletal mechanics

In neuromuscular function studies, skeletal segments are generally modeled as rigid links
connected to one another by mechanical pin joints with orthogonal axes of rotation. These
assumptions are tenable in most cases, but their validity may depend on the purpose of the
model. Some joints like the thumb carpometacarpal joint, the ankle and shoulder joints
are complex and their rotational axes are not necessarily perpendicular (Hollister, Bu-
ford, Myers, Giurintano & Novick 1992, Inman 1944, Van Langelaan 1983), or necessarily
consistent across subjects (Hollister et al. 1992, Santos & Valero-Cuevas 2006, Cerveri,
De Momi, Marchente, Lopomo, Baud-Bovy, Barros & Ferrigno 2008). Assuming sim-
plified models may fail to capture the real kinematics of these systems (Valero-Cuevas,
Johanson & Towles 2003). While passive moments due to ligaments and other soft tissues
of the joint are often neglected, at times they are modeled as exponential functions of
joint angles (Yoon & Mansour 1982, Hatze 1997) at the extremes of range of motion to
passively prevent hyper-rotation. In other cases, passive moments well within the range

of motion could be particularly important in the case of systems like the fingers (Esteki
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& Mansour 1996, Sancho-Bru et al. 2001) where skin, fat and hydrostatic pressure tend
to resist flexion.

Modeling of contact mechanics could be important for joints like the knee and the
ankle where there is significant loading on the articulating surfaces of the bones, and where
muscle force predictions could be affected by contact pressure. Joint mechanics are also of
interest for the design of prostheses, where the knee or hip could be simulated as contact
surfaces rolling and sliding with respect to each other (Bartel, Bicknell & Wright 1986,
Rawlinson & Bartel 2002, Rawlinson, Furman, Li, Wright & Bartel 2006). Several studies
estimate contact pressures using quasi-static models with deformable contact theory (e.g.,
(Wismans, Veldpaus, Janssen, Huson & Struben 1980, Blankevoort, Kuiper, Huiskes &
Grootenboer 1991, Pandy, Sasaki & Kim 1997, Pandy & Sasaki 1998)). But these models
fail to predict muscle forces during dynamic loading. Multibody dynamic models with
rigid contact fail to predict contact pressures (Piazza & Delp 2001).

For the illustrative example carried throughout this review we will use the simple
two-joint, six-muscle planar limb shown in Fig. 2.1. We model the upper arm and the
forearm as two rigid cylindrical links connected to each other by a pin joint representing
the elbow and shoulder joints as hinges. We will neglect moment due to passive structures
and assume frictionless joints. We will not consider any contact mechanics at the joints.
This model will simulate the movement and force production of the hand (i.e., a fist with a
frozen wrist) in a two-dimensional plane perpendicular to the torso as is commonly done in
studies of upper extremity function (Abend et al. 1982, Mussa-Ivaldi et al. 1985, Shadmehr

& Mussa-Ivaldi 1994).
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2.4 Musculotendon routing

Next, we need to select the routing of the musculotendon unit consisting of a muscle and
its tendon in series (Zajac, Biosci, Physiol, Biol, Physiol, Lond, Physiol, Soc, Acta &
Biochem 1989, Zajac 1992). The reason we speak in general about musculotendons (and
not simply tendons) is that in many cases it is the belly of the muscle that wraps around
the joint (e.g., gluteus maximus over the hip, medial deltoid over the shoulder). In other
cases, however, it is only the tendon that crosses any joints as in the case of the patellar
tendon of the knee or the flexors of the wrist. In addition, the properties of long tendons
affect the overall behavior of muscle like by stretching out the force-length curve of the
muscle fibers (Zajac et al. 1989). Most studies assume correctly that musculotendons
insert into bones at single points or multiple discrete points (if the actual muscle attaches
over a long or broad area of bone). Musculotendon routing defines the direction of travel
of the force exerted by a muscle when it contracts. This defines the moment arm r of a
muscle about a particular joint, and determines both the excursion ds the musculotendon
will undergo as the joint rotates an angle d60 defined by the equation, ds = r x §0, as well
as the joint torque 7 at that joint due to the muscle force f,, transmitted by the tendon
T = 1% f,, where r is the minimal perpendicular distance of the musculotendon from the
joint center for the planar (scalar) case (Zajac 1992). For the three dimensional case the
torque is calculated by the cross product of the moment arm with the vector of muscle
force T = r X fi,.

In today’s models, musculotendon paths are modeled and visualized either by straight

lines joining the points of attachment of the muscle; straight lines connecting “via points”
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attached to specific points on the bone which are added or removed depending on joint
configuration (Garner & Pandy 2000) or as cubic splines with sliding and surface con-
straints (Sueda et al. 2008). Several advances also allow representing muscles as volumet-
ric entities with data extracted from imaging studies (Blemker & Delp 2005, Blemker,
Asakawa, Gold & Delp 2007), and defining tendon paths as wrapping in a piecewise linear
way around ellipses defining joint locations (Delp & Loan 1995, Davoodi et al. 2003). The
path of the musculotendon in these cases is defined based on knowledge of the anatomy.
Sometimes, it may not be necessary to model the musculotendon paths but obtaining
a mathematical expression for the moment arm (r) could suffice. The moment arm is
often a function of joint angle and can be obtained by recording incremental tendon
excursions (ds) and corresponding joint angle changes (§6) in cadaveric specimens (Eg.
(Otis, Jiang, Wickiewicz, Peterson, Warren & Santner 1994, An, Ueba, Chao, Cooney &
Linscheid 1983)).

For the arm model example (Fig. 2.1), we will model musculotendon paths as straight
lines connecting their points of insertion. We will attach single-joint flexors and extensors
at the shoulder (pectoralis and deltoid) and elbow (biceps long head and triceps lateral
head) and double-joint muscles across both joints (biceps short head and triceps long
head). Muscle origins and points of insertion are estimated from the anatomy. In our
model of the arm in Fig. 2.1, we shall model musculotendons as simple linear springs.
We then assign values to model parameters like segment inertia, elastic properties of
the musculotendons, etc. At this point the model is complete and ready for dynamical

analysis.
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2.5 Musculotendon models

The most commonly used computational model of musculotendon force is the one based
on the Hill-type model of muscle(Zajac et al. 1989), largely because of its computational
efficiency, scalability, and because it is included in simulation packages like SIMM (Mo-
tion Analysis Corporation). In Hill-type models, the entire muscle is considered to behave
like a large sarcomere with its length and strength scaled-up, respectively, to the fiber
length and physiological cross sectional area of the muscle of interest. This model con-
sists of a parallel elastic element representing passive muscle stiffness, a parallel dashpot
representing muscle viscosity and a parallel contractile element representing activation-
contraction dynamics; all in series with a series elastic element representing the tendon.
The force generated by a muscle depends on muscle activation, physiological cross sec-
tional area of the muscle, pennation angle and force-length and force-velocity curves for
that muscle. These parameter values are generally based on animal or cadaveric work
(Lieber, Jacobson, Fazeli, Abrams & Botte 1992). Five parameters define the properties
of this musculotendon model. Four of these are specific to the muscle: the optimal mus-
cle fiber length, the peak isometric force (found by multiplying maximal muscle stress
by physiological cross-sectional area), the maximal muscle shortening velocity, and the
pennation angle. The fifth is the slack length of the tendon (tendon cross sectional area
is assumed to scale with its muscle’s physiological cross sectional area (An, Linscheid &
Brand 1991)). Model activation-contraction dynamics is adjusted to match the proper-
ties of slow or fast muscle fiber types by changing the activation and deactivation time

constants of a first order differential equation (Zajac et al. 1989). This Hill-type model
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has undergone several modifications but remains a first-order approximation to muscle
as a large sarcomere with limited ability to simulate the full spectrum of muscles, or of
fiber types found within a same muscle, or the properties of muscle that arise from it be-
ing composed of populations of motor units such as signal dependent noise, etc. Several
researchers have developed alternative models for muscle contraction, which were used in
specific studies (Zahalak & Ma 1990, Karniel & Inbar 1997, Gonzalez, Hutchins, Barr &
Abraham 1996, Soechting & Flanders 1997).

The alternative approach has been to model muscles as populations of motor units.
While this is much more computationally expensive, it is done with the purpose of be-
ing more physiologically realistic and enabling explorations of other features of muscle
function. A well known model is that proposed by Fuglevand and colleagues (Fuglevand,
Winter & Patla 1993), which has been used extensively to investigate muscle physiol-
ogy, electromyography and force variability. However, the computational overhead of
this model has largely limited it to studies of single muscles, and is not usually part of
neuromuscular models of limbs. In order to develop a population-based model that could
be used easily by researchers, Loeb and colleagues developed the Virtual Muscle soft-
ware package (Cheng, Brown & Loeb 2000). It integrates motor recruitment models from
the literature and extensive experimentation with musculotendon contractile properties
into a software package that can be easily included in multibody dynamic models run in

MATLAB (The Mathworks, Natick, MA).

27



2.6 Forward and inverse simulations

In “forward” models, the behavior of the neuromuscular system is calculated in the nat-
ural order of events: from neural or muscle command to limb forces and movements. In
“inverse” models, the behavior is assumed or measured and the model is used to infer and
predict the time histories of neural, muscle or torque commands that produced it. The
same biomechanical model governed by Newtonian mechanics is used in either approach,

but it is used differently in each analysis (Yamaguchi 2005, Winter 1990).

2.6.1 Forward models

The inputs to a forward musculoskeletal model are usually in the form of muscle activa-
tions (or torque commands if the model is torque driven) and the outputs are the forces
and/or movements generated by the musculoskeletal system. The system dynamics is

represented using the following equation,

M(q)d+ C(q,q) + G(q) = R(q)Fnm + Fext(q, 4) (2.1)

where M is the system mass matrix, ¢ the vector of joint accelerations, ¢ the vector
of joint angles, C' the vector of Coriolis and centrifugal forces, G the gravitational torque,
R the instantaneous moment arm matrix, Fs the vector of muscle forces and Feyt, the
vector of external torques due to ground reaction forces and other environmental forces.
This system of ordinary differential equations is numerically integrated to obtain the

time course of all the states (joint angles ¢ and joint angle velocities ¢) of the system.
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The input muscle activations could be derived from measurements of muscle activity
(electromyogram) or from an optimization algorithm that minimizes some cost function,
for example the error in joint angle trajectory for all joints and energy consumed (Hatze
1977). Forward dynamics has also been used in determining internal forces that cannot
be experimentally measured like in the ligaments during activity or contact loads in
the joints. It gives insight on energy utilization, stability and muscle activity during
function for example in walking simulations (Neptune, McGowan & Kautz 2009). It
gives the user access to all the parameters of the system and to simulate effects when
these are changed. This makes it a useful tool to study pathological motion and for
rehabilitation. (Piazza 2006) provides a review on many of the applications of forward

dynamics modeling.

2.6.2 Inverse models

Inverse dynamics consists of determining joint torque and muscle forces from experimen-
tally measured movements and external forces. Since the number of muscles crossing
a joint is higher than the degrees-of-freedom at the joint, multiple sets of muscle forces
could give rise to the same joint torques. This is the load-sharing problem in biomechanics
(Chao & An 1978b). A single combination is chosen by introducing constraints such that
the number of unknown variables is reduced and/or based on some optimization criterion,
like minimizing the sum of muscle forces or muscle activations. Several optimization crite-
ria have been used in the literature (Patriarco, Mann, Simon & Mansour 1981, Anderson
& Pandy 2001, Prilutsky & Zatsiorsky 2002). Muscle forces determined by this analysis

are often corroborated by electromyogram recordings from specific muscles (Kaufman,
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An, Litchy & Chao 1991, Happee & Van der Helm 1995). Since inverse dynamics con-
sists of using the outputs of the real system as inputs to a mathematical model whose
dynamics don’t exactly match with the real system, the predicted behavior of the model
does not necessarily match with the measured behavior of the real system. This is an
important problem in inverse dynamics and is discussed in more detail in (Hatze 2002).

Both forward and inverse models are useful and can be complementary and the choice
is largely driven by the goals of the study. The main challenge with both these analyses is
experimental validation because many of the variables determined using either approach
cannot be measured directly. The reader is directed to articles and textbooks that describe
these methods in detail (Delp & Loan 1995, Delp, Anderson, Arnold, Loan, Habib, John,
Guendelman & Thelen 2007, Winter 1990, Davoodi et al. 2003, An, Chao & Kaufman

1991, Andriacchi, Natarajan & Hurwitz 1991).
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Chapter 3

Extrapolatable analytical functions for tendon excursions

and moment arms from sparse datasets

3.1 Abstract

Computationally efficient modeling of complex neuromuscular systems for dynamics and
control simulations often requires accurate analytical expressions for moment arms over
the entire range of motion. Conventionally, polynomial expressions are regressed from
experimental data. But these polynomial regressions can fail to extrapolate, may require
large datasets to train, are not robust to noise, and often have numerous free parameters.
We present a novel method that simultaneously estimates both the form and parameter
values of arbitrary analytical expressions for tendon excursions and moment arms over
the entire range of motion from sparse datasets. This symbolic regression method based
on genetic programming has been shown to find the appropriate form of mathematical
expressions that capture the physics of mechanical systems. We demonstrate this method
by applying it to (i) experimental data from a physical tendon-driven robotic system with

arbitrarily routed multiarticular tendons and (ii) synthetic data from musculoskeletal
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models. We show it outperforms polynomial regressions in the amount of training data,
ability to extrapolate, robustness to noise, and representation containing fewer parameters
— all critical to realistic and efficient computational modeling of complex musculoskeletal

systems.

3.2 Introduction

Computational modeling of complex musculoskeletal systems is sensitive to accurate rep-
resentation of tendon routing, insertion points, and moment arm values (Hoy, Zajac &
Gordon 1990, Valero-Cuevas et al. 2009). The most commonly used technique to obtain
moment arm variations over the range of motion of a joint is the tendon and joint displace-
ment method (An, Takahashi, Harrigan & Chao 1984). Implementation of this method
generally involves fitting explicit analytical expressions for tendon excursions as functions
of joint angles. Tendon excursions arise from changes in length of a musculotendon either
due to active contraction or passive stretching. Hence they are directly related to mus-
cle length changes and the maximal force a muscle can generate, as determined by the
force-length properties (Zajac et al. 1989). Moment arms over the range of motion can
then be obtained by taking partial derivatives of these tendon excursion expressions with
respect to the corresponding joint angle changes. This standard approach has been used
extensively in the literature to understand the contribution of different muscles towards
the production of joint torque and limb motion (Eg. (An et al. 1983, Spoor, Van Leeuwen,
Meskers, Titulaer & Huson 1990, Herzog & Read 1993, Liu, Hughes, Smutz, Niebur &

Nan-An 1997) ). It has also been used to validate musculoskeletal models representing
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bone geometry and musculotendon pathways (Murray, Delp & Buchanan 1995, Buford Jr,
Ivey Jr, Malone, Patterson, Pearce, Nguyen & Stewart 1997). Simulation of musculoskele-
tal dynamics for the development and testing of theories of motor control also specifically
require analytical expressions for tendon excursions and moment arms as functions of
joint angles (Scott 2004, Valero-Cuevas et al. 2009). Very often, dynamic equations of
the system (which include the moment arm functions) need to be evaluated iteratively
(perhaps tens of thousands of times) to solve for an optimal control law for each cost
function and task goal (Theodorou, Todorov & Valero-Cuevas 2011). Such algorithms
require accurate, computationally-efficient analytical expressions for moment arms for the
entire range of motion.

Analytical expressions for moment arms and tendon excursions are of two kinds: (i)
Idealized geometric models, or (ii) Empirical models. The coefficients of the analytical
expressions in both these approaches are regressed from experimental data. These data
consist of joint angles and tendon excursion measurements, often obtained from cadav-
eric specimens (An et al. 1983, An et al. 1984, Spoor et al. 1990, Visser, Hoogkamer,
Bobbert & Huijing 1990, Pigeon, Yahia & Feldman 1996, Liu et al. 1997). In the first
case, idealized geometric models, tendon routings are approximated by simple geometric
shapes and the mathematical forms of the expressions are derived using trigonometry
(Eg. (Landsmeer 1961, Stern Jr 1971, Van Zuylen, Van Velzen & van der Gon 1988)).
While this might be sufficient to obtain approximate values of moment arms and tendon
excursions in some simple cases, it may not necessarily be accurate for all muscles and

is heavily dependent on assumptions about the anatomy. It is likely not appropriate for
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the complex routing of many tendons around joints, as well as non-uniform bone geome-
try, deformity, surgical modification and injury. Therefore, most studies in biomechanics
use the second approach: empirical models. These almost always consist of polyno-
mial expressions (including splines, which are piecewise polynomials stitched together)
mapping joint angles to tendon excursions, and are regressed from experimental measure-
ments, such as using cadaveric specimens (Spoor et al. 1990, Visser et al. 1990, Pigeon
et al. 1996, Liu et al. 1997, Menegaldo, de Toledo Fleury & Weber 2004, Franko, Winters,
Tirrell, Hentzen & Lieber 2011). But these polynomial regressions have several inherent
mathematical pitfalls; they can fail to extrapolate, may require large datasets to train, are
not robust to noise, and often have numerous free parameters (Green & Silverman 1994).
Hence they may not be the best choice to model multi-degrees of freedom biomechanical
systems where (i) obtaining a rich dataset from the entire range of motion can be difficult
(Clewley, Guckenheimer & Valero-Cuevas 2008), (ii) data are generally sparse and con-
tain noise from measurement errors and skin deformations (Cappozzo, Catani, Leardini,
Benedetti & Della Croce 1996, Holden, Orsini, Siegel, Kepple, Gerber & Stanhope 1997),
and (iii) are susceptible to common errors in the estimation of axes of joint rotation
and accurate joint angles (Woltring, Huiskes & de Lange 1983). In addition, polynomial
functions are inherently a type of mathematical expression that is likely not reflective of
the geometry and physics of tendon routing which even in the ideal case often contain
trigonometric functions (Landsmeer 1961).

Here we present a novel method to find analytical functions for tendon excursions
and moment arms as functions of joint angles that does not assume a specific math-

ematical form apriori. Rather, it simultaneously estimates directly from experimental
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data both appropriate mathematical forms of the analytical expressions for moment
arms and tendon excursions, and their best-fit parameter values. Previously we have
called attention to the need for biomechanical modeling to go beyond parameter esti-
mation and engage in the search for appropriate model forms (Valero-Cuevas, Anand,
Saxena & Lipson 2007). Here we show an example of how to perform this simultane-
ous search of mathematical form, i.e. the structure consisting of mathematical building
blocks; and parameter values, i.e. the coefficients and other constants accompanying
each building block of the mathematical expression, using a software package called Eu-
reqa (http://creativemachines.cornell.edu/eureqa). Eureqa implements symbolic regres-
sion using genetic programming (Schmidt & Lipson 2009). While symbolic regression and
genetic programming have been used for over 15 years (Koza 1992) in the field of machine
learning, Eureqa is a recent improvement that ensures faster convergence and more accu-
rate solutions (Schmidt & Lipson 2005, Schmidt & Lipson 2006). Unlike other machine
learning techniques that use a ‘black box’ approach to model input-output relationships,
Fureqa has been shown to obtain computationally efficient, analytical expressions that
can capture the physics of the system being modeled. In this chapter, we compare poly-
nomial regression (the state-of-the-art used by the musculoskeletal modeling community
to represent these systems) to our method. We apply the traditional polynomial regres-
sion approach and our novel machine learning method to both experimental data from
a multi-articular tendon-driven robotic system, and computer-generated synthetic data

from many simulated musculoskeletal systems with experimentally realistic noise added.
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Figure 3.1: A three-joint planar robotic system with three arbitrarily routed tendons
was moved manually to span a range of joint angles. The tendon excursions were

recorded and joint angles calculated from motion capture data.
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3.3 Methods

3.3.1 Symbolic regression using genetic programming

Symbolic regression is a machine learning technique that searches the space of mathe-
matical operators, functions and parameter values to obtain analytical expressions that
model available data based on a fitness criterion (Koza 1992). Evolutionary algorithms
are generally used to guide this search in what is an infinite dimensional space. Here
we use a software package called Eureqa that performs symbolic regression using genetic
programming to infer implicit and explicit analytical functions to model input-output
data (Schmidt & Lipson 2009). In our case, Eureqa searches for explicit analytical ex-
pressions of the form s = f(#) mapping joint angles, 6 to each tendon’s excursion s (Fig.
3.1). The three joint angles and the excursion of the tendon of interest at any time step
constitute a data point. Many such data points from the entire time series of the experi-
ment form a dataset. We use sum of deviations of inferred analytical function predictions
for the tendon excursions from true measurements (coming from experimental testing or
computer simulation) over an entire dataset as the fitness criterion, i.e. the fitness-error
to be minimized. In addition to this, Eureqa also penalizes the equation-complexity, de-
fined as the sum of the number of parameters and terms in the analytical expressions
being inferred. The search space consists of analytical expressions formed by parameter
values and combinations of mathematical operations performed on the input variables
(#). In our case, we restricted the mathematical operations to addition, subtraction,

multiplication, division, sine, cosine, tangent and square root. Polynomial expressions

37



are automatically generated by repeated multiplication of the input variables. In addi-
tion, Eureqa uses the concept of coevolution of fitness predictors, described in detail in
(Schmidt & Lipson 2005), for faster and improved convergence of solutions. Instead of
using the entire time history of the training dataset to calculate the fitness of evolving
analytical expressions, it finds and uses a small set of data points (called fitness predic-
tors) that can best distinguish between analytical expressions of otherwise equal fitness.
Fitness predictors are chosen in every generation of evolution in parallel with the search
for analytical expressions modeling the experimental data.

Unlike conventional optimization that would minimize fitness-error in a ‘single line
search’ and find either the global minimum or one of the local minima of the fitness
landscape, Eureqa uses multi-objective optimization to produce a family of multiple ‘op-
timal” analytical expressions (15-20 expressions) that map joint angles to the tendon
excursions. Each analytical expression has different levels of fitness-error and equation-
complexity (defined above). This family of analytical expressions constitutes a Pareto
front of fitness-error vs. equation-complexity. In this multi-objective optimization, the
tradeoffs between the fitness criteria are made explicit to the user. The advantage of
this approach is that it provides multiple analytical expressions that may be more or
less sparse, accurate, computationally efficient, or revealing of the physics of the problem
— either of which may be given more weight as ‘optimal’ by the user as desired. We
chose to define as the optimal solution the one analytical expression that had the low-
est extrapolation error (root mean squared error when tested with data points outside
the range of training datasets). However, the reader is free to weigh other aspects more

heavily. Our choice was driven by the need for analytical functions to have the ability
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to extrapolate as it ensures that they are capturing the physics of the system; and not
simply overfitting to the training data points. Each search in Eureqa starts with an initial
set of multiple, random analytical functions, and terms are added/subtracted in discrete
steps as the search progresses. Eureqa provides the support to run a search very easily on
parallel computers that are connected in a network without requiring any special network
architecture or hardware. On average, we ran each search in parallel for 12 hours on 20
computers (Dual Dualcore AMD Opteron 2.0 GHz ) at the USC High-Performance Com-
puting and Communications (www.usc.edu/hpce) computer cluster. As is necessary in
most machine learning problems without closed-form solutions, a stopping/convergence
criterion needs to be defined. We defined the search to have converged if the fitness of
the solution with the lowest fitness error remained unchanged for more than two hours.
We repeated the entire search five times to test for consistency of results. The family of
‘optimal’ solutions was not necessarily of identical form in every repeat but of different

representations of functions that modeled the data best with consistent RMS errors.

3.3.2 Comparison against polynomial regression

The state-of-the-art technique is to regress tendon excursions as polynomial functions
of joint angles (Eg. (Spoor et al. 1990, Visser et al. 1990, Pigeon et al. 1996, Liu
et al. 1997, Menegaldo et al. 2004)). We regressed the coefficients of multivariable linear,
quadratic, cubic and quartic polynomials (all cross terms considered) using MATLAB
© (Version R2009b, MathWorks, Natwick, MA). Polynomials of order greater than four
overfit to the training data and performed worse than polynomial regressions of lower

orders, and hence were not considered in this chapter. This is also the case with spline
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functions, which are piecewise polynomials stitched together (Murray et al. 1995). More-
over, to evaluate dynamic equations of the system, for example to solve for an optimal
controller, simple analytical functions modeling the behavior of the system throughout
the range of motion are required. Splines or other piecewise surface fits would not be
not suitable for this purpose and hence were not considered in this chapter. We com-
pared the performance of analytical expressions from the multivariable linear, quadratic,
cubic and quartic regressions against those from symbolic regression by testing with a
cross-validation dataset (data points not selected for training, but within the range of
training) and an extrapolation dataset (data points outside the range of training). We
used root mean squared (RMS) error between the true tendon excursions (experimentally
measured or simulated) and the analytical function predictions (coming from symbolic
or polynomial regressions), normalized by the range of movement for that tendon and
expressed as a percentage, as the fitness error criterion for the comparison. RMS errors

were determined for cross-validation and extrapolation datasets.

3.3.3 Experimental data from a tendon-driven robotic system

We used a planar robotic finger with three links, three joints and three tendons to pro-
duce the motion capture data (Fig. 3.1). The three tendons were routed such that the
first tendon flexed all joints (similar in action to the flexor digitorum profundus in the
human finger), the second tendon, extended one joint and flexed the remaining two joints
(similar to an intrinsic tendon) and the third tendon, extended all joints (similar to the
extensor digitorum communis). We moved the robotic finger manually to span the full

three-dimensional joint configuration space of flexion-extension in a human finger. Servo
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dc motors maintained a constant tension of 1.5 N in every tendon to prevent tendons
from going slack. As we moved the robotic finger, optical encoders measured tendon
excursions at a sampling frequency of 10Hz. A 6-camera optical motion capture system,
manufactured by Vicon (Lake Forest, CA), tracked reflective markers adhered to each
segment of the robotic finger at a frequency of 30 Hz. The mean calibration residual
error of the marker position reconstruction was less than 0.2 mm. We processed the 3D
coordinates of the markers generated by the Vicon Nexus software to obtain joint angle
changes for the entire duration of movement and then downsampled them to 10 Hz. We
then partitioned the datasets to test for robustness of the inferred analytical expressions

to (1) size of the training dataset and (2) range of extrapolation.

3.3.3.1 Reducing the size of the training dataset

We divided the experimental data into training, cross-validation and extrapolation datasets
(training and cross-validation datasets coming from the same range of data and the ex-
trapolation dataset consisting of data points outside the range of training). Then, we
created nine independent training datasets by systematically reducing the number of
training data points keeping the range fixed (n, n/2, n/3, etc. in Fig. 3.3). We per-
formed symbolic and polynomial regressions using these nine different training datasets
and tested the resulting analytical expressions with the fixed cross-validation and extrap-
olation datasets. This was repeated five times for each training dataset, for each tendon
(S1, Sz and S3), by re-sampling the training data points with replacement (Eureqa picked
multiple random initial analytical functions at the beginning of each search). This was

done to ensure that the observed results were consistent and not simply due to chance.
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3.3.3.2 Increasing the range of extrapolation

We compared the regressions against one another in their ability to extrapolate, by per-
forming regressions on training datasets and then testing with data points from six differ-
ent ranges of extrapolation (25%, 50%, etc. in Fig. 3.4). We expressed each extrapolation
range as percentage by volume of the training dataset (in joint angle space) where 0%
means no extrapolation and 150% extrapolation refers to the situation where the volume
of extrapolation is 150 % of the volume of the training dataset range (in joint angle

1

space).’ This was also repeated five times by re-sampling of training data points with

replacement for each tendon (S7, Sz and Ss).

3.3.4 Computer-generated synthetic data

For validation purposes, we also tested our inference algorithm using synthetic (i.e.,
computer-generated) data because in this case, we would have access to the ground truth,
and also be able to corrupt the datasets with noise in a systematic manner. Landsmeer’s
models I, IT and IIT (Landsmeer 1961) are well-accepted analytical expressions mapping
joint angles to tendon excursions describing three different kinds of tendon routings for
limbs and fingers (An et al. 1983, Chao 1989, Brook et al. 1995). Landsmeer obtained
these expressions using trigonometry assuming simplified geometry for anatomical sys-
tems (Landsmeer 1961). We generated synthetic datasets consisting of joint angles and

tendon excursions from the 27 possible combinations (with repetition, 3x3x3) of the three

1For example consider a one-joint one-tendon system where the complete range of motion is 0-100
degrees. If we use 0-80 degrees as the range of training dataset for the regressions and test with joint
angles between 80-100 degrees, it would be considered 25% extrapolation since we are extrapolating to a
range that is 25% larger than the training range.
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Figure 3.2: Synthetic data consisting of tendon excursions and joint angles were gener-
ated using models formed by combinations of Landsmeer’s models IIT and III ([I 1 1],[I

I 11),...[111 111 I11)).
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Regression

Expressions

Symbolic

13.7sin(6; — 0.78) + 12.302 + 8.4803
4.0205sin(035) + 14.5

+

Linear

9.2601 + 12.602 + 11.803 + 7.26

Quadratic

3.7707 + 0.8962 + 2.202 — 0.3380,0
0.45765605 — 0.14260501 + 8.35071 + 11.20,
9.705 + 5.24

Cubic

—1.8967 — 2.0503 — 1.5603 — 0.438070,
0.25860,02 — 0.0127626; + 0.281626,
0.1630205 + 0.2876205 + 0.494630,6,
4.807 + 5.6303 + 5.0202 — 0.5716,05
0.94960 05 — 0.3670102 + 10.36; + 8.880
8.7803 + 4.83

Quartic

—1.2607 + 0.2605 — 0.083165 + 0.20805 0>
0.6350360, + 0.7560305 — 0.222030,
0.26030; — 0.1596303 — 0.05946%63
0.0947020% — 0.82402602 + 0.072803620,
0.1120260060; — 0.135030260% — 1.0803
3.003 — 0.90303 + 1.44630; + 0.05060,07
0.109036? + 0.516605020, + 1.95020,
0.881636; — 0.6770360% + 6.050% + 6.6403
3.7102 — 1.260260, — 1.54030, — 1.11036,
9.720; + 8.520 + 9.4405 + 4.7

+
+
+
+

Table 3.1: Examples of analytical expressions obtained using symbolic and the different
polynomial regressions for one of the tendons of the robotic system.
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Landsmeer models (Fig. 3.2). We then tested how well symbolic (i.e., Eureqa) and poly-
nomial regressions could infer these hidden target expressions from input-output datasets.
This allowed us to test whether or not the results obtained using the tendon-driven robotic
finger also generalized to arbitrary combinations of anatomical tendon routing. We are
not, however, suggesting that these Landsmeer’s models are particularly accurate or re-
alistic representations of real musculoskeletal systems.

We then compared the robustness of symbolic and polynomial regressions to (1) noise
in the data and also (2) the number of free parameters in the analytical expressions

obtained by the two regression techniques.

3.3.4.1 Robustness to noise

We added experimentally realistic noise of +£5% in joint angles and +1% in tendon excur-
sions to the synthetic data generated by the 27 combinations of the three Landsmeer mod-
els (Tendon excursions are generally measured directly using a ruler or position encoders
whereas joint angles are inferred from motion capture marker positions or measured using
a goniometer. The latter are subject to larger variations due to errors in marker /segment
positions, joint axes estimations, skin deformations, etc (Woltring et al. 1983, Cappozzo
et al. 1996)). We then performed symbolic and polynomial regressions on the noisy
datasets and compared how well they model the noisy data by testing with the cross-

validation and extrapolation datasets.
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Figure 3.3: Effect of reducing the size of the training dataset : Comparison of RMS
errors of symbolic and polynomial regressions with reduction in the number of training
data points. The plots show mean and standard errors calculated across five runs for
each regression type and training dataset size for the three tendons of the experimental
robotic finger. When tested with the cross-validation dataset (interpolated from the
same range as the training dataset), cubic and quartic regression had lower RMS errors
compared to symbolic regression for large training datasets and quadratic regression
had errors comparable to symbolic regression for small training datasets. But when
tested with the extrapolation dataset (data points outside the range of training upto
50% of the volume of the training dataset), symbolic regression had lower errors than all
polynomial regressions for all the different training dataset sizes. The stem plots show
the training dataset size required to obtain a 5% RMS error using each of the regression
techniques. Symbolic regression requires the fewest training data points compared to
the different polynomial regressions for 5% cross-validation and extrapolation errors.
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3.3.4.2 Number of free parameters

We compared the number of free parameters in the expressions inferred by symbolic
regression against the number of coefficients in each form of polynomial regression. Ex-
pressions with fewer parameters are preferable not only because they are more computa-
tionally parsimonious and compatible with Occam’s Razor, but also because expressions
with a large number of parameters/coefficients tend to overfit to the training data, and

naturally require larger training datasets.

3.4 Results

3.4.1 Results for the experimental tendon-driven robotic system

Symbolic regression could infer analytical expressions that had cross-validation and ex-
trapolation RMS errors below 10% for each of the tendons of the experimental tendon-
driven robotic system for all training dataset sizes and ranges of extrapolation. Table
3.1 shows examples of expressions obtained using the different regressions for one of the
tendons of the robotic system in one of the cases. Below are the comparisons against

polynomial regression:

3.4.1.1 Effect of reducing the size of the training dataset

We saw that symbolic regression was much more robust to reduction in the size of the
training dataset (range being fixed) as compared to the polynomial regressions. As de-

scribed above, this robustness was tested for cross-validation and extrapolation datasets.
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Figure 3.4: Effect of increasing the range of extrapolation: Comparison of RMS er-
rors of symbolic and polynomial regressions across increasing ranges of extrapolation,
expressed as a percentage by volume of the region in 8 — 6 — 6 space enclosed by the
training dataset. The plots show mean and standard errors calculated across five runs
for each regression type and training dataset size for the three tendons of the experi-
mental robotic finger. While cubic and quartic regressions have lower RMS errors for
data points within the range of training (0% extrapolation), symbolic regression out-
performs polynomial regressions for all ranges of extrapolation. The stem plots show
the percentage of extrapolation achievable with each regression type to maintain the
RMS error below 5%. Symbolic regression can extrapolate to much larger ranges of
data compared to the different polynomial regressions for the same RMS prediction
error.
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In general, symbolic regression required fewer training data points than polynomial re-
gressions to obtain RMS errors of 5% in tendon excursion predictions (Fig. 3.3). When
tested with the cross-validation dataset, cubic and quartic regressions had lower RMS
errors than symbolic regression for large training dataset sizes, but had much larger er-
rors when the number of training data points was small. However, when tested with
the extrapolation dataset, all polynomial regressions had much larger errors compared
to symbolic regression, independent of the size of the training dataset (Fig. 3.3). These

observations were consistent across all three tendons (S7, Sy and Ss in Fig. 3.1).

3.4.1.2 Effect of increasing the range of extrapolation

Symbolic regression could extrapolate further away from the training datasets compared
to polynomial regressions for the same RMS error in tendon excursion predictions. It
could extrapolate to ranges beyond 150% of the range of the training dataset (by volume)
for tendons one and two and up to 125% for tendon three and still maintain RMS errors
below 5%. In comparison, linear, quadratic and quartic regressions could not extrapolate
beyond 50-75% in most cases, and cubic regression up to 100% for the same RMS error
of 5% in tendon excursion predictions (Fig. 3.4).

Figure 3.5 summarizes the comparison between symbolic and polynomial regressions
for the experimental data from the tendon-driven robotic finger. It shows the achievable
percentage extrapolation for the different regression techniques with reduction in training
dataset size to obtain 5% RMS error in tendon excursion predictions. Symbolic regression
could extrapolate to much larger ranges of data, compared to the polynomial regressions,

for all the training dataset sizes.
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Figure 3.5: Summary of the comparison between symbolic and polynomial regressions in
their ability to extrapolate and their performance with training dataset reduction. The
achievable percentage extrapolation for models trained over different training dataset
sizes to maintain RMS errors below 5% is shown for each regression technique for the
three tendons of the planar robotic system. For each training dataset size, symbolic
regression can extrapolate to larger ranges beyond the training dataset compared to
polynomial regressions.
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Landsmeer combination

Expressions

RMS errors (%)

Train,

Cross
valid.

Ext.

LI

Target
Evolved

1.801 + 1.80> + 1.8603
1.801 + 1.802 + 1.865

0.001

0

I, I1, 111

Target

Evolved

1.80; + 3.65in(0.50) + 0.605 —
(1.603) /tan(0.565) + 3.2

1.80; + 3.615in(0.502) + 1.540; —
0.778sin(6s)

0.102

0.084

0.124

I, II1, 111

Target

Evolved

1.86 + 0.605 —
(1.693)/25@71(0.503) + 0602 —
(1.662) /tan(0.5602) + 6.4

1.86, + 0.6163 +
1.165tan(0.2405) + 0.2463 +
2.15tan(0.28765)

0.007

0.008

0.026

I, 11, T

Target

Evolved

3.65in(0.501) + 3.6sin(0.503) +
1.864
3.65in(0.5601) + 3.6sin(0.56) +
1.805

0.001

I, 11, 11

Target

Evolved

3.6s5in(0.502) + 3.6s5in(0.501) +
3.65in(0.503)

3.6sin(0.56;) + 1.01(6; +
sin(0.861)) +  1.01(6;5 +
sin(0.8603)) — 0.015

0.043

0.041

0.318

I, 11, I

Target

Evolved

1.865 + 0.660,
(1.691)/750/11(0.5(91) +
3.651n(0.5605) + 3.2

1.805 + 0.580; + 0.316%
0.06s5in(0.4307) + 6 +
1.03sin(0.7965)

0.031

0.034

0.165

11, 111,
111

Target

Evolved

0.66; + 0.662 + 0.665 —
(1691)/tan(0591) —
(1692)/tan(0502) —
(1.663) /tan(0.503) + 9.6

0.5801 + 0.586> + 0.5503 —+
0.3202 + 0.32603 +
0.310 — 0.13sin(0.326%)
0.13sin(0.3203) + 0.018

0.059

0.066

0.345

Table 3.2: Target and inferred expressions with training, cross-validation and extrapo-
lation RMS errors(%) for some combinations of Landsmeer’s models I, II, III
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3.4.2 Results for the computer-generated synthetic data

All regressions produced very low errors for the computer-generated synthetic data when
no noise or extrapolation was involved. We observed that of the 27 possible combinations
of the three Landsmeer’s models, symbolic regression tended to infer the exact target
ground-truth expressions for joints with models I and II, and found expressions equiva-
lent or closely related to the original expression (e.g., Taylor series terms or alternative
trigonometric forms) for joints with model III (Table 3.2). The training, cross-validation

and extrapolation RMS errors were below 0.4% for all 27 combinations.

3.4.2.1 Robustness to noise

When experimentally realistic noise was added to the training datasets, cubic and quar-
tic regressions overfit to the noise and performed poorly when tested for cross-validation
and extrapolation (Fig. 3.6). In contrast, symbolic regression outperformed the poly-
nomial regressions for all tendons when tested with extrapolation datasets and matched
quadratic regression when tested with cross-validation datasets. The box plot in Fig 3.6
shows that for the 27 combinations of Landsmeer’s models with noise added, on aver-
age symbolic and quadratic regressions had equivalent cross-validation errors, whereas
symbolic was 8% better than quadratic regression when tested with the extrapolation
dataset. Hence, symbolic regression would be the regression of choice to model tendon
excursions in physiological systems from experimental data, where measurement noise

cannot be avoided.
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Figure 3.6: Comparison of root mean squared errors between symbolic and polynomial
regressions for the 27 combinations of Landsmeers models with no noise and with +5%
noise added to joint angles and +1% to tendon excursions. While cubic and quartic
regressions have lower errors than symbolic regression for data with no noise, when
experimentally realistic noise is added, symbolic regression has much lower errors than
these polynomial regressions. The box plot on the right shows the ratio of RMS errors
of symbolic to quadratic regression (best among polynomial regressions) for the data
with noise. The median ratio is close to one for cross-validation testing demonstrating
that symbolic and quadratic regressions are equivalent with respect to RMS errors in
this case whereas for extrapolation testing, the median ratio is 0.92 indicating that on
average, symbolic regression has 8% lower RMS errors than quadratic regression across
the 27 models.

93



Experimental data Simulated data

3 Qti:ji;m With no noise With noise added
10 A A Cubic g 3
1
.5 % o A @ Symbolic - g
g 518 Y 4 g
@ o A N 2
z - A (4
g ¢ 01
e s, : s,
O ° %
2 * & Ve
‘2, 2 . 1o
4 3
NS oo g
< ’
)
wn .
2 101 ¢ v % g
o v
O ¥ 1 =
oA i.
5 gzg 2 o, !
. .
S o ¥ % ®e A
k5] v 01t e ° -
o V o
g ° A 2 °
5 2 ‘:: v °
® LN B A
[ )
e, 0001} o % 2
® (]
1 ° . 1
0 20 40 0 20 40 0 20 40

Number of parameters

Figure 3.7: Comparison of RMS errors and number of parameters across symbolic
and polynomial regression models for experimental data from the three tendons of
the planar robotic system and synthetic data generated using the 27 combinations of
Landsmeers models with no noise and with experimentally realistic noise added. In
all cases, symbolic regression models have fewer parameters and lower RMS errors
compared to the polynomial regressions.
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3.4.2.2 Number of free parameters as a practical measure of the complexity

of the analytical expression

Analytical expressions obtained using symbolic regression had fewer free parameters and
lower cross-validation, extrapolation errors compared to polynomial regressions for ex-
perimental data from the tendon-driven robotic system as well as for the synthetic data

with no noise and with noise added (Fig. 3.7).

3.5 Discussion

We have presented a novel method based on symbolic regression that can infer accurate
analytical expressions mapping joint angles to tendon excursions from sparse datasets.
Symbolic regression outperforms polynomial regression, the state-of-the-art technique
used in musculoskeletal modeling, in that it requires smaller training datasets, can ex-
trapolate to ranges outside that of the training dataset, and does not contain an arbitrary
number of free parameters that can lead to overfitting the training datasets and/or their
noise. We have demonstrated these advantages of symbolic regression using both ex-
perimental and synthetic data and strongly suggest that this approach may be a more
suitable choice to model tendon mechanics for neuromuscular systems.

Obtaining the necessary experimental data to create valid analytical expressions to
represent the musculoskeletal system is invariably difficult and costly. This is true for
both cadaveric specimens and human subjects. Hence it is critical to be able to extract
functionally accurate analytical expressions from as sparse a dataset as possible. More-

over, because the ground truth is not usually known, it is important to have confidence
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that the expressions found are unaffected by unavoidable measurement noise, that enough
data are available/used, that the form of the analytical expressions is appropriate and
parsimonious, and that the analytical functions are valid for the entire natural workspace
of the limb. We have demonstrated here that symbolic regression, as implemented in Eu-
reqa (Schmidt & Lipson 2009), outperforms polynomial regression, the state-of-the-art in
musculoskeletal modeling, with respect to these performance criteria.

For the physical system of tendons traveling over joints with smoothly varying me-
chanical behavior, it is critical that the tendon excursion expressions model data even
outside the range of the experimentally obtained data points on which they are trained to
ensure they capture the true behavior of the system, and not just overfit to the training
data points. Moreover, obtaining data spanning the entire range of motion of a multi-
degree of freedom biomechanical system is very difficult. It would also necessitate a larger
training dataset. Polynomial models do not extrapolate well again due to their overfit-
ting behavior whereas symbolic regression avoids this problem and can model points well
beyond the range of training data.

Experimental data from biomechanical specimens is unavoidably polluted by measure-
ment noise and/or uncertainty. These can arise from skin deformation, motion capture
errors and/or estimation of axes of joint rotation, measurement errors and/or noise, etc.
Small errors in these measurements lead to large errors in the inferred joint angle kinemat-
ics (Woltring et al. 1983, Cappozzo et al. 1996, Holden et al. 1997). While experimental
data are often filtered, filtering introduces artifacts and reduces the resolution of the mea-

surements. Hence it is important that the regression technique employed be robust to
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noise and capture the true underlying system behavior with the highest resolution pos-
sible. We show that polynomial regression models, especially higher order polynomials,
overfit to the noise and can be poor representations of the real underlying behavior of
the system. In contrast, symbolic regression is seen to be robust to noise and is more
accurate than polynomial regressions in modeling noisy data.

The form of the analytical function must also strike a balance between parsimony
and accuracy. Functions with a large number of free parameters require a large training
dataset for the estimation of the values of those parameters. They also have a greater
tendency to overfit to the training dataset when compared to models with fewer pa-
rameters. On the other hand, analytical functions with too few parameters will fail to
accurately represent the functional nonlinearities of the system. The symbolic regression
algorithm in Eureqa explores multiple potential forms for the analytical function while
also penalizing the number of parameters; and prioritizes low fitness error solutions with
fewer parameters over those with more parameters. In many of the cases we present,
polynomial functions of higher orders have a large number of free parameters compared
to the more parsimonious analytical functions found by symbolic regression.

The ability of symbolic regression to infer the nonlinear target expressions of the
Landsmeer models shows that our method can capture the underlying physics of the
system directly from input-output data. This is particularly the case here because the
target expressions were derived by Landsmeer by hand using principles of geometry and
anatomy. As argued elsewhere (Schmidt & Lipson 2009), the fact that symbolic regression
did not only infer adequate mathematical expressions but those target expressions is worth

noting. At the very least, this says that those target expressions are parsimonious and
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that Eureqa is able to favor parsimonious expressions. In addition, this demonstrates how
the analytical expressions for tendon excursions or moment arm variations generated by
symbolic regression may contain insight on the geometry of the tendon routing — and
therefore capture the physics of the system.

Unlike conventional optimization that is based on a ‘single line search’ and finds the
global optimum or one of the local optima of the fitness landscape, Eureqa converges on
a family of optimal solutions that lie on the Pareto front of the fitness error-complexity
plane. The user is then free to choose the solution they want based on the features of the
analytical expressions most important to them such as (i) Observation and knowledge of
the system being modeled, (ii) Fitness error alone, (iii) Cross-validation or extrapolation
error (as we chose to in this chapter), etc. Polynomial regressions or other functional
regressions do not offer this choice. Currently, selection of suitable functions is mostly
driven by the properties and pitfalls of polynomial fitting as opposed to giving the freedom
to the investigator to choose functions for scientific or computational reasons.

Until recently, measuring tendon excursions accurately was only possible in cadaveric
specimens. But with advances in the field of magnetic resonance and ultrasound imaging,
it has become possible to record moment arms in live subjects (Rugg, Gregor, Mandel-
baum & Chiu 1990, Maganaris 2004, Blemker et al. 2007). While in this chapter we have
demonstrated the use of symbolic regression to extract analytical functions mapping joint
angles to tendon excursions assuming direct measurements in cadaveric systems, it will
soon be possible to measure tendon excursions and moment arms non-invasively in vivo
— and our techniques will be applicable to those measurements. This would enable esti-

mation of accurate, subject-specific models of moment arm variation that are critical, for
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example, in the cases of deformity, surgical modification, injury, or the development of
functional electrical stimulation controllers (Khang & Zajac 1989) and for patient-specific
diagnosis and rehabilitation.

The analytical functions obtained are selected to be computationally efficient for iter-
ative or real-time use, but they can be costly to find off-line. One of the major limitations
of symbolic regression is computational cost, since it uses genetic programming that in-
volves searching a high dimensional space for optimal or near-optimal solutions. Eureqa
was designed to execute on a cluster of parallel computers by automatically parallelizing
the search process, where the computation time is reduced linearly with the number of
processors available. Also, while it might be computationally expensive to infer these an-
alytical expressions, it needs to be done only once. The resulting analytical expressions
can then be used as part of the model in the research of interest. In fact, once inferred, the
computational cost of implementing the expressions is lower given that parsimony (and
therefore computational efficiency) is an explicit fitness criterion. Eureqa’s graphical user
interface allows the user to continuously monitor the fitness error as well as the family
of optimal analytical functions throughout a search. The user can pause and continue,
or terminate the search at any point. In addition, the user has the flexibility to select
the set of mathematical operations that are to be the possible options defining the space
of feasible functions to be generated. While choosing more operations would make the
search more generic and thus increase computational cost for function inference, restrict-
ing the solution space too much can also lead to inappropriate or inaccurate analytical

functions. Hence an informed choice needs to be made based on knowledge of the system

99



being modeled, the purpose of the analytical functions, and availability of computational
power.

State-of-the-art biomechanical modeling involves assuming a fixed topology/form for
the system being modeled and estimating the parameter values from experimental data.
In our previous work (Valero-Cuevas, Anand, Saxena & Lipson 2007), we have demon-
strated that modeling of certain complex biomechanical systems requires simultaneous
inference of both model topology and parameter values directly from experimental data.
Here, as a continuation of that work, we have demonstrated that the conventional method
of assuming a fixed polynomial form and regressing coefficients from experimental data,
suffers from certain drawbacks which can be overcome by using symbolic regression that
simultaneously infers both the form and the parameter values of the analytical expressions
directly from experimental data.

We have demonstrated the advantages of using this method in a tendon-driven robotic
system. We are currently applying it to infer analytical expressions modeling tendon

excursions in the human fingers from cadaveric data.
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Chapter 4

Simultaneous inference of the form and parameters of
analytical models describing tendon routing in the human

fingers.

4.1 Abstract

Control of finger movement and force is made possible by a complex network of tendons.
Analytical models for the excursions and moment arms of these tendons have been used
extensively in the literature to understand finger motion and force, to understand the
changes in actions of different muscles with joint posture, and more recently, to model
finger dynamics to test theories of motor control. The analytical models used in the
literature are mostly of two kinds: i. Polynomial regressions and ii. Functions consist-
ing of Landsmeer’s models which are based on approximate geometry of tendon routing.
Both these types of models assume a fixed form for the mathematical expressions while
the parameter values are either regressed from experimental data or calculated based on

assumptions about the anatomy or some optimization criteria. Here we demonstrate a
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novel method based on symbolic regression that simultaneously infers both the mathe-
matical form and the parameter values of these models directly from experimental data.
We use this technique to infer analytical models for the seven tendons controlling the
index finger. We demonstrate that these models are more accurate and have fewer pa-
rameters than both polynomial regressions as well as models consisting of Landsmeer’s
models when tested with i. data from multiple trials from the same cadaveric hand and
ii. data from different cadaveric hands. Hence, our symbolic regression approach would
be the method of choice whether the goal is to obtain subject-specific analytical models

representing these systems or models that generalize across the population.

4.2 Introduction

Tendon routing in the human fingers is complex with the presence of networks of inter-
connections that connect multiple muscles to multiple joints. The actuation of these
tendons by the muscles to bring about movement and force is not fully understood
(Zancolli 1979, Brand & Hollister 1999). Computational modeling of these systems have
been extensively used in the literature to understand the role of these networks in human
manipulation including grasp, climbing, playing music (Leijnse 1996, Vigouroux, Quaine,
Labarre-Vila & Moutet 2006, Sancho-Bru et al. 2001, Sancho-Bru, Perez-Gonzalez, Ver-
gara & Giurintano 2003), to understand changes upon injury (Valero-Cuevas et al. 2000),
neuromuscular control(Esteki & Mansour 1996, Valero-Cuevas 2000b) and to develop

functional electrical stimulation controllers (Esteki & Mansour 1997).
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Many of these computational models often rely on explicit analytical expressions repre-
senting changes in tendon excursions with joint angles. Instantaneous moment arms (and
hence, moment arm matrices) can then be calculated using the tendon excursion-joint
displacement technique (An et al. 1984) by taking partial derivatives of these expressions
with respect to the joint angle changes. Such models have been used in the literature
not only in the fingers but in different musculoskeletal systems in the body, to under-
stand how the action of muscles changes with joint posture(Eg. (An et al. 1983, Spoor
et al. 1990, Herzog & Read 1993, Liu et al. 1997) ). They have been used to validate
anatomical models explicitly representing the physics of interactions of tendons with
bones (Eg. (Murray et al. 1995, Buford Jr et al. 1997)). These analytical models are
particularly important for the simulation of musculoskeletal dynamics to test theories of
motor control where moment arms (part of the system dynamics) need to be evaluated
iteratively several thousand times(Theodorou et al. 2011). In such simulations, com-
pact, simple representations which can be easily differentiated and evaluated quickly are
critical.

The most commonly used analytical models representing tendon routing in the fingers
are based on Landsmeer’s models I, IT and IIT (Landsmeer 1961) where the tendon excur-
sions for the different tendons are represented as combinations of the different Landsmeer
models based on geometry of the joints they actuate. The parameter values for the
Landsmeer models in these cases are obtained from force optimizations in simulation and
ratios of distribution of forces in the different bands of the extensor mechanism (Brook
et al. 1995, Berme, Paul & Purves 1977, Purves & Berme 1980). The other type of analyt-

ical model consists of polynomial regression models where tendon excursions are assumed
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to be of polynomial form (linear, quadratic, cubic, etc.) and the coefficients are regressed
from experimental data obtained from cadaveric specimens (Eg. (Franko et al. 2011)).
Both these types of models rely on fixed mathematical forms for the expressions. In the
previous chapter, we introduced a new approach to infer simultaneously both the form
and the parameter values of analytical expressions representing tendon excursions as
models of joint angles(Kurse et al. 2012). We demonstrated the success of this approach
using data generated by simulating combinations of Landsmeer models(Landsmeer 1961)
and also using experimental data generated using a robotic tendon driven system. Here
we apply this novel approach to infer analytical models mapping joint angles to tendon
excursions from experimental data obtained from a human cadaveric index finger. We
compare the models generated using this approach to polynomial expressions regressed
from experimental data and also trigonometric functions generated using combinations

of Landsmeer’s models as presented in (Brook et al. 1995).

4.3 Methods

4.3.1 Experimental setup and data collection

We dissected a freshly frozen human cadaveric hand and attached the seven tendons of
the index finger (flexzor digitorum profundus (FDP), flexor digitorum superficialis (FDS),
extensor indicis (EIP), extensor digitorum communis (EDC), first lumbrical (LUM), first
dorsal interosseous (FDI), and first palmar interosseous (FPI)) to nylon strings that
were connected to seven dc servo motors (Fig 4.1). We applied constant tensions on each

tendon equal to 5% the maximum force its corresponding muscle can apply(Valero-Cuevas
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Position encoders
Servo motors
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Figure 4.1: The index finger of a freshly frozen cadaveric finger was moved manually
to span a range of joint angles. The excursions of the seven tendons were recorded and
joint angles calculated from motion capture data.
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et al. 2000). This prevented the tendons from going slack. We then moved the finger
manually to span the full four-dimensional joint configuration space (ad-abduction and
flexion-extension at the metacarpophalangeal joint (MCP), and flexion-extension at the
the proximal interphalangeal joint (PIP) and the distal interphalangeal joint (DIP) of the
index finger. A single movement trial lasted for five minutes. As we moved the finger,
optical encoders measured tendon excursions at a sampling frequency of 10Hz. We used
a 6-camera optical motion capture system, manufactured by Vicon (Lake Forest, CA),
to track reflective markers adhered to each segment of the finger, at a frequency of 30
Hz. The mean calibration residual error of the marker position reconstruction was less
than 0.2 mm. We processed the 3D coordinates of the markers generated by the Vicon
Nexus software to obtain the four sets of joint angle changes for the entire duration of
movement and then downsampled them to 10 Hz. This provided us a dataset consisting of
a set of joint angles of the four degrees-of-freedom for the index finger and corresponding
tendon excursions of the seven tendons. We divided this complete dataset into a training,
cross-validation and extrapolation datasets. Please see chapter 3 for descriptions of these
datasets. We repeated the movement trial with the same set of tensions on all the tendons
to obtain a second dataset of joint angles and tendon excursions. We also repeated the
above experimental procedure with a second cadaveric index finger to obtain a third
dataset of joint angles and tendon excursions. While we moved the finger to span the full
four-dimensional space in all trials, the actual movement time profiles were different in

each case.
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4.3.2 Symbolic regression implementation using Eureqa

We used a software program called Eureqa(Schmidt & Lipson 2009) that implements
symbolic regression using genetic programming to learn the analytical models that map
joint angle changes to the tendon excursions of the seven tendons of the index finger.
The objective function defined in the Eureqa environment was to find explicit analytical
models of the form s = f(@), where s is each tendon’s excursion and 6 is the vector of the
four joint angles at every time step, minimizing the root mean squared errors between
predicted and experimentally measured values for tendon excursions (fitness error). Only
the data points from the training dataset were used to infer the analytical models. In
addition to minimizing the error criterion, Eureqa also penalizes model complexity defined
by the number of mathematical operators and parameter values in the function. Using this
multi-objective optimization approach, Eureqa produced a family of multiple ‘optimal’
analytical models (15-20 functions) that map joint angles to the tendon excursions and
lie on the Pareto front of the fitness error vs. complexity (defined above) plane. The
advantage of this approach is that the user now has the choice to pick a solution based
on the criterion of interest: minimizing cross-validation error, extrapolation error or
based on inspection. Please see (Kurse et al. 2012) and Chapter 3 for more details
about Eureqa implementation in tendon driven systems. Here, we chose the expressions
that gave the lowest RMS error when tested on all the data points in the dataset(s)
of interest. On average, we ran each search in parallel for 150 core hours on a cluster
of computers(Dual Dualcore AMD Opteron 2.0 GHz ) at the USC High-Performance

Computing and Communications (www.usc.edu/hpcc) computer cluster.
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4.3.3 Comparison against polynomial regression and Landsmeer based

models

The state-of-the-art technique in musculoskeletal modeling is to regress tendon excursions
as polynomial functions of joint angles (Eg. (Spoor et al. 1990, Visser et al. 1990, Pigeon
et al. 1996, Liu et al. 1997, Menegaldo et al. 2004, Franko et al. 2011)). We regressed
the coefficients of multivariable linear, quadratic, cubic and quartic polynomials (all cross
terms considered) using MATLAB (© (Version R2009b, MathWorks, Natwick, MA). We
did not consider polynomials of order greater than four because they tend to overfit to
the training data and perform worse than polynomial regressions of lower orders. Spline
functions, which are piecewise polynomials stitched together (Murray et al. 1995) would
also overfit to the data. Please see 3 for more reasoning on why we chose only these
polynomials. We also implemented the analytical models proposed in (Brook et al. 1995)
consisting of combinations of Landsmeer’s models and whose parameter values are based
on force distribution in the extensor mechanism suggested in earlier papers including
(Chao & An 1978a). We uniformly scaled these Landsmeer-based model expressions using
the training dataset to minimize the RMS errors between the experimentally recorded
and model predicted tendon excursions. This was done to account for differences in hand
size across specimens.

While all the analytical models (symbolic, polynomial and Landsmeer-based) were
obtained using only the training data points from the first dataset, they were compared

against each other with respect to i Mean errors across two movement trials from the
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same cadaveric hand and ii. Mean errors across two trials from two different cadaveric

hands.

4.3.3.1 Two movement trials from the same cadaveric specimen

We calculated the RMS errors between model-predicted and experimentally measured
tendon excursions over all the data points in the two datasets from the same cadaveric
specimen. We compared the mean of the two RMS errors for the different analytical
models. In other words, we wanted to see which models had lowest error across the two
datasets. Since symbolic regression gave us a family of multiple analytical models, we

chose the function with the least error across the two datasets for comparison.

4.3.3.2 Two trials with two different cadaveric specimens

We repeated the above procedure using : the first dataset (same movement trial used
for training) and the dataset obtained from the second cadaveric specimen. We again
compared the mean of the two RMS errors for the different analytical models to see
which models had the lowest error across the two specimens. For symbolic regression,
we chose the analytical expression with the smallest error among the family of functions
obtained. When testing against data points from the second hand specimen, we scaled
all the models (symbolic, polynomial and Landsmeer-based) uniformly to account for

differences in hand size.
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Sfap = 10.360,0p + 10.950,,, + exp(1.8404;,)

$fde = 1247000y + 7.220,, — exp(1.49 — 4.220,5 — 24.150,m0p0pip — 26.030444) — Oazp + 5.34
Sui = 5.86510(1.9700d4 — Omep) — 3.920,, + 0.8

Sede = —6.995in(0pcp — Oaaa) + 5.09c05(0.23 + 0,;,,) — 4.39

Stum = 2.540mcp — 0.71¢08(39.7000abmep — 3.10mep) — 13.050000 — 4.830,:,

Stai = —5.640440 — 4.4004a510(4.940,c,) + 1.275i0(3.40mep) + 1.45¢05(1.02 — 1.960,;,) —
4'839add6pip

Spi = 9.380mep + 9.255i1(3.01004) — 11.29000a0mep + 4.12¢08(Bpip + 4.120044) — 3.01

Table 4.1: Analytical models obtained using symbolic regression for the excursions of
the seven tendons of the index finger (FDP,FDS,EIP,EDC,LUM,FDI,FPI) that gener-
alize best across trials from the same cadaveric hand.

Sfap = 10.360,0p + 10.950,;;, + exp(1.8404;,)

Stds = 12.170,,0p + 8.140,5, — Oy + 4.46

Sei = —9.610mep — 2.850,, + 1.19

Sede = —9.130mcp + Oqda — 3.340p:p + 1.47

Stum = 2.540mep — 13.05004q — 0.71c05(39.700dd0mep — 3-10mep) — 4.830,ip

$tai = 4.510,m0p

Sfpi = 9.480mcp + 8.085i1(2.990044) — 5i1(13.950408mep) + 4.31c08(8pip + 2.99044q) — 3.2

Table 4.2: Analytical models obtained using symbolic regression for the excursions of
the seven tendons of the index finger (FDP,FDS,EIP,EDC,LUM,FDI,FPI) that gener-
alize best across trials from different cadaveric hands.

4.4 Results

Table 4.1 shows the ‘best’ analytical models obtained using symbolic regression that had
lowest mean RMS errors across the two movement trials from the same cadaveric speci-
men. These are the expressions that would best describe this specific cadaveric specimen.
The expressions consist mostly of linear, trigonometric and exponential terms. Table
4.2 shows similar analytical models obtained using symbolic regression with lowest mean
RMS errors across the two specimens from among the family of multiple solutions. Note
that both these sets of expressions are from the same family of solutions inferred using
the training data points from the first movement trial. The expressions that generalized
across the two specimens had more linear components, fewer parameters and hence may

be termed simpler than the functions in Table 4.1.

71



Linear

FDP FDS EIP EDC LUM FDI FPI
Cubic 50 50 50 50 50 50 50
Symbolic
o 20t
X 0 20} 20} 20} 20} 20} 20} 20
=
=
o
o
=
)
[7p]
s ‘or ° ° 10k 10F 10F 10F 10F 10 ® 10 ®
o ° .
8 °
N o °
= [ ]
@ °
£ 5t 5t 5 5 5 5 5
=
o % °
zZ L]
[ ]
o o ° ¢ o
2 . : . : . ) plo s i pla s placs v pluvi cin plurcis v plu v Pl
FOP FDS EP EDC LUM FDI  FPI 2 1050 2 1050 2 105 2 1050 2 1050 2 10 50 2 10 50
Tendon Number of parameters

(a) Mean of normalized RMS errors (b) Normalized RMS errors vs. the number of pa-
of the different models across two rameters in the functions generated using the differ-
movement trials from the same ca- ent techniques. Symbolic regression expressions had
daveric specimen. The best sym- fewer parameters and lower RMS errors compared to
bolic regression function (picked the other functions.

from the family of functions gen-

erated) had lower errors across the

two trials compared to the polyno-

mial regressions and the Landsmeer

based models.

Figure 4.2: Comparison of symbolic, polynomial and Landsmeer functions when tested
on datasets from two different movement trials from the same cadaveric specimen to
compare generalizability of functions across experimental trials.
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specimen. The best symbolic re-

gression model (picked from the

family of functions generated) had

lower mean errors across the speci-

mens, compared to the other func-

tions.

Figure 4.3: Comparison of symbolic, polynomial and Landsmeer models when tested on
datasets from two different cadaveric specimens to compare generalizability of models
across hands.
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Fig. 4.2a shows the comparison of performance of the analytical models for symbolic
regression against other analytical models upon testing with data points from the two
movement trials from the same cadaveric hand. The symbolic regression functions had the
lowest RMS errors. While the errors for the flexor tendons (FDP, FDS) were comparable
across the different models, the models had more varying errors for the extensor (EIP,
EDC) and intrinsic tendons (LUM, FDI, FPI). The intrinsic tendons also had much larger
errors compared to the other tendons. Quartic regression in all cases had very large errors.
Quartic regression tends to overfit to the training data points and has been observed to
perform badly with cross-validation and extrapolation data 3.

Fig. 4.2b shows the RMS errors of the models vs. the number of parameters in each.
Expressions with fewer parameters may be considered simple, have lesser tendency to
overfit to the data and hence, are more desirable. Symbolic regression expressions had
lower RMS errors as well as fewer parameters than the other models.

Fig. 4.3a shows the comparison of the different models when tested with data points
from two different specimens. The errors for all models were larger than before as ex-
pected. Symbolic regression solutions again had lower errors than the other models
(except for the FDI where cubic regression model had a lower RMS error). The models
disagree much more in this case with respect to one another for all the tendons in compar-
ison to the previous case. The intrinsic tendons (LUM, FDI, FPI) were observed to have
larger errors in all models in comparison to the extrinsic tendons (FDP,FDS, EIP and
EDC). Fig. 4.3b compares the RMS errors of the models vs. the number of parameters.
Symbolic regression expressions had fewer parameters and lower errors than the other

models.
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4.5 Discussion

We have implemented a novel method based on symbolic regression to simultaneously
infer the mathematical form and parameter values of analytical models representing the
tendon excursions of the index finger. We have demonstrated that these models are more
accurate than both polynomial regressions (linear, quadratic, cubic and quartic) as well
as Landsmeer-based models in representing tendon routing, whether our goal is to obtain
i. subject-specific models of these systems or ii. models that generalize across specimens.
We also show that these symbolic regression models have fewer parameters than the other
models which is important to ensure they do not overfit to the training data points.
The analytical models obtained using symbolic regression that best fit the data from
a single cadaveric hand mostly consisted of linear, exponential and trigonometric com-
ponents. The expressions for the tendon excursions give some insight into the physics
of interaction and routing of these tendons. For example, the expressions for the lum-
brical and the FPI contain coupling terms 6,,.,0,4q reflecting on the way these tendons
are routed about the MCP joint whereas tendons like the FDP and FDS do not contain
this term and are known to produce a more straightforward flexion-extension motion at
the joints. This insight is not available in case of polynomial regressions. The analytical
models that generalize well across the two hand specimens are more ‘simpler’ than the
functions in the previous case with the latter consisting of a larger number of linear terms.
While we know that these functions generalize best across the two cadaveric specimens

in comparison to the other models, whether they are sufficiently accurate would have to
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be decided by the modeler looking at the RMS error values presented in Fig. 4.3a and
the problem they are trying to solve.

As we have shown in chapter 3, polynomial regressions tend to overfit to the training
dataset. This results in very large errors when tested on data points either not in the
training dataset but lying in the range of the training data (cross-validation dataset) or
data points outside the range of training (extrapolation dataset). Hence when tested on
the complete dataset as we have done here, the errors of functions like quartic regression
are very high.

All models are more accurate for the ‘simpler’ tendons, the FDP, FDS, EIP and EDC,
in comparison to the intrinsic muscles (LUM, FDI, FPI). These larger errors could be at-
tributed in part to the joint model of the MCP where the orientation of the ad-abduciton
axis to the flexion-extension axis has been long debated (Berme et al. 1977, Youm, Gille-
spie, Flatt & Sprague 1978, Valero-Cuevas 1997) and in part because these tendons do not
independently control the finger joints but attach to the extensor mechanism which in turn
controls joint motion. Again the complexity of the extensor mechanism is well known (Eg.
(Landsmeer 1949, Garcia-Elias, An, Berglund, Linscheid, Cooney lii & Chao 1991),etc.).
Also, there have been variations observed across the population in terms of attachment
points of the intrinsic muscles (Salsbury 1937). This could also explain why all models
performed much worse for the intrinsics when tested across datasets from two different
hand specimens.

Models with fewer coefficients are preferable to models with a large number of coeffi-
cients to reduce overfitting (Kurse et al. 2012). They may also be considered as ‘simpler’

and more elegant representations of the system. Symbolic regression functions had much
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fewer parameters than the other models. This is because Eureqa (the symbolic regression
program used here) explicitly favors solutions that have fewer mathematical components
(parameters and mathematical operators) to those with a larger number of mathematical
components.

Most existing studies use cadaveric testing to obtain analytical models for moment
arms and tendon excursions. But, with advances in imaging, it is becoming possible to
measure tendon excursions and moment arms in live subjects(Rugg et al. 1990, Maganaris
2004, Blemker et al. 2007). We can then apply our methodology to datasets from these
imaging studies to obtain accurate, subject-specific models of tendon routing that would
be critical to developing functional electrical stimulators or for diagnosis and repair.

While the analytical models obtained using symbolic regression are selected to be
computationally efficient for iterative or real-time use, they can be computationally ex-
pensive to find. But this needs to be done only once. Please see 3 for the limitations of

Eureqa and how some features built in Eureqa help to minimize those limitations.
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Chapter 5

Experimental cadaveric actuation gives insight on control

of human finger movement

5.1 Abstract

Human finger movement is produced by the coordinated actuation of several tendons
interacting with one another. The control mechanisms that produce this movement are
not well understand. In this chapter, we describe the use of computer controlled servo
motors to actuate the seven tendons of a cadaveric index finger to produce a simple
tapping motion. We observe that controlling the motors as tunable springs, similar to
human muscles, is an effective way to control finger movement in comparison to simple
force or position control. We also observe that two types of equilibria can be demonstrated
in the cadaveric finger: i. stable equilibrium where the displacement of the finger brings
it back to a specific posture and ii. what we describe as neutral equilibrium observed in
a specific range of postures and tendon tensions where the finger when disturbed from

equilibrium stays in the new displaced posture. We show that the tendon tensions in the
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latter type of equilibrium lie close to the null space of the moment arm matrix that maps

tendon tensions to joint torques.

5.2 Introduction

Slow and accurate finger movements are critical to human manipulation. There have
been several studies in the literature that have described these movements in different
activities of daily living, like typing, movement to grasp, etc (Eg. (Dennerlein, Mote Jr &
Rempel 1998, Santello, Flanders & Soechting 2002)). But how the nervous system controls
the complex musculature that actuates the human fingers to produce these movements
is not completely understood. Understanding control of finger movement is important to
be able to predict and correct changes that happen during injury and disease, to develop
functional electrical stimulation controllers and to build better robotic and prosthetic
hands.

Accurate measurement of the excursions of the tendons actuating the fingers and the
corresponding muscle forces during these simple finger movements would give insight on
how the nervous system is controlling them. Unfortunately, it is currently impossible to
measure both forces and tendon excursions accurately in a live person. While electromyo-
graphy (EMG) is useful to determine when a particular muscle or groups of muscles are
turning on and off, how the signal can be related to either muscle force or tendon excur-
sions is not clearly understood (Inman, Ralston, De CM Saunders, Bertram Feinstein &
Wright Jr 1952, Disselhorst-Klug, Schmitz-Rode & Rau 2009). On the other hand, arti-

ficially actuating a human cadaveric specimen makes it possible to completely measure
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inputs (the tendon excursions and forces) and outputs (fingertip forces and joint angle
changes). In this chapter we describe the cadaveric actuation system we have developed,
that enables us to selectively control the tendons of a human cadaveric hand. We use
this setup to control the tendons of the index finger to produce a slow tapping motion
(flexion-extension movement) and to study finger equilibrium at different postures and
input tendon tensions. This cadaveric actuation gives us a better understanding of the

problems the nervous system faces when actuating the complex musculature of the fingers.

5.3 Methods

We dissected a freshly frozen human cadaveric hand and mounted it on a fixed support
using an external fixator (Agee-WristJack, Hand Biomechanics Lab, Inc., Sacramento,
CA). We attached the seven tendons of the index finger (flexor digitorum profundus
(FDP), flexor digitorum superficialis (FDS), extensor indicis (EI), extensor digitorum
communis (EDC), first lumbrical (LUM), first dorsal interosseous (FDI), and first palmar
interosseous (FPI)) to nylon strings that were connected to seven dc servo motors (Fig.
5.1). We measured the tension exerted on each tendon using one degree-of-freedom load
cells and the tendon excursions using optical encoders attached to the motors. We used a
real-time controller (PXI 8108, National Instruments, Austin, TX) to control the motors
in three different modes : i. position control mode where the motors were commanded to
apply specific tendon excursions on each of the tendons, ii. force control mode where the
motors were commanded to apply specific tension on each tendon, and iii. sping control

mode where the motors were made to behave like tunable springs whose spring constant
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Figure 5.1: Experimental setup to control the index finger of a freshly frozen cadaveric
hand to produce flexion-extension motion. The seven tendons of a freshly frozen human
cadaveric hand were attached to strings connected to servo motors. The finger was
moved by the experimenter to produce a flexion extension motion of the index finger
in force control mode. The tendon excursions were recorded and played back in spring
control mode, where the motors were controlled to behave like tunable springs.
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could be adjusted and the command to each motor was in the form of change in resting

length of the spring.

5.3.1 Control of finger tapping motion

The first phase of the experiment was the recording phase. In this phase, we maintained
a constant tension of 5N on all the tendons of the cadaveric finger using force control
mode and moved the finger manually to produce a motion that resembled a simple finger
tap (Venkadesan & Valero-Cuevas 2008). We recorded tendon tensions and excursions
throughout the movement. The next phase of the experiment was the playback phase
where we played back the excursions recorded in the first phase as changes in resting
lengths of the tunable springs corresponding to each tendon in spring control mode. This

helped us to replicate the tapping motion produced in the first phase.

5.3.2 Finger equilibrium study

We applied a constant tension of 3N to each of the seven tendons of the index finger
in force control mode (coordination pattern 1). The finger came to a stable equilibrium
position. We then perturbed the finger from this position and the finger returned to
the equilibrium posture. Then, keeping the finger in a specific posture (neutral ad-
abduction and approximately 20 degrees flexion at the metacarpophalangeal (MCP),
proximal interphalangeal (PIP) and distal interphalangeal (DIP) joints), we adjusted the
tensions on the tendons by trial and error to find a specific set of tensions that maintained
the finger in that posture in equilibrium (coordination pattern 2). We then moved the

finger to a different posture keeping the tension on each of the tendons the same (using
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Figure 5.2: The experimental setup used to record fingertip forces from a freshly frozen
cadaveric hand. We applied all possible combinations of high and low tensions to
the seven tendons of the index finger (there are 128 such combinations) and recorded
corresponding fingertip forces. We repeated this in three different finger postures : fully
flezed, tap and fully extended.
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force control) and the finger stayed in equilibrium even in the new posture. We observed
a range of finger postures where the finger remained in this equilibrium. We call this state
of equilibrium, neutral equilibrium and describe more in section 5.5. Movement beyond
this range resulted in the finger attaining the posture that formed the boundary of this
neutral equilibrium. We then increased the tension on one of the finger tendons (FDS)
(coordination pattern 3) and this neutral equilibrium was lost. The finger now reached
a new equilibrium, in a new posture. Changing the finger posture manually resulted in
the finger coming back to this new equilibrium in a spring like behavior.

We then performed an isometric force production experiment where we adjusted the
finger segments to a posture in the range where the neutral and stable equilibrium had
been observed in the previous scenario, and attached the cadaver fingertip to a six degree-
of-freedom load cell 5.3. We applied multiple combinations of tendon tensions consisting
of a low force of 1N and high force of 11N (using force control mode) and recorded the
corresponding fingertip forces. We then regressed a matrix mapping tendon tensions
(Fm) to fingertip force (Fyip) which we call the action matrix (A). We can then obtain
the moment arm matrix, R from the action matrix as demonstrated below. We then
multiplied this matrix with the transpose of the jacobian (J(6)) transforming joint angle
velocities to fingertip velocities, to obtain the moment arm matrix (R) of the finger in
this posture. We did not use the entire fingertip wrench (force and torque at the endpoint
(Valero-Cuevas et al. 1998)) but only the fingertip force. Hence the action matrix is only

an approximation of the actual action matrix.
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It can be shown using Principle of Virtual Work (Yoshikawa 1990, Valero-Cuevas

2009),

Fiip = J(0) 1

where Fyj, is the wrench vector at the fingertip, J(6)) is the Jacobian transforming joint

angle velocities to fingertip velocity and the 7 is the vector of joint torques. However,

T =RFn

where R is the moment arm matrix and F,y, is the vector of tendon tensions. Hence,

Fiip = J(0) T RFp

Fiip = AFp,
A=JO) TR
R=J®)TA

We then calculated joint torques (7 = RFy,) using the moment arm matrix R. The
null space of the 4 X 7 moment arm matrix is 3 dimensional. We calculated the distance
of the three coordination pattern vectors from the null space of the moment arm matrix
to see how far each of these patterns were from being in the null space. Here is how we

determined the distance from the null space:

w=UUNU)UTF,
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d=[|Fm—w]|

where U is the matrix formed by the bases vectors of the null space of the action matrix

A and w is the projection of Fj;, on the null space.

5.4 Results

We were able to successfully control the motion of the human cadaveric finger and record

tendon excursions and tendon tensions for all movements.

5.4.1 Results from control of finger tapping motion

Fig. 5.3 shows the start and end posture of the cadaveric finger during the tapping
motion as well as the time history of excursions and tensions of the seven tendons. The
playback of the finger tapping motion using the spring control mode produced smooth,
repeatable movements at all the joints. Even though the motion produced was a simple
flexion-extension, a coordinated set of excursions of all tendons were required. This is
due to the routing of the seven tendons around the four degrees-of-freedom of the index
finger. The tension profiles observed were based on the spring stiffness chosen to produce

the movement and are not unique.

5.4.2 Results from finger equilibrium study

We observed that the finger exhibited two kinds of equilibria when the tendons were held
at constant tension in force control mode: i. Stable equilibrium where the displacement
of the finger posture resulted in its coming back to the same posture, and ii. what
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Figure 5.3: Tendon excursions and tendon tensions for a single tap. The figure shows
the cadaver finger in the start and end of a single tap. Even a simple flexion-extension
motion of the finger requires a coordinated set of excursions of all the seven tendons
controlling the index finger. The tendon tension profile shows the tensions in the

corresponding tendons during this movement which are not unique.
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Figure 5.4: Results from the finger equilibrium study. i. Three different coordination
patterns were applied to the seven tendons. The only difference between coordination
pattern 2 and 3 is the tension applied to the FDS tendon. ii. The sum of joint
torques was calculated for each of the three coordination patterns based on a constant
moment arm matrix regressed from experimental data consisting of tendon tensions and
fingertip force outputs in an isometric test. The calculated joint torque was smallest
for the second coordination pattern that produced neutral equilibrium in the finger.
iii. Calculating the distance of the coordination patterns from the null space of the
moment arm matrix showed that the second pattern producing the neutral equilibrium
was closest to the null space.
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we describe as neutral equilibrium where the displacement of the finger results in a new
posture and the finger stays in equilibrium in this new posture. In section 5.5, we describe
how we believe these equilibria are being attained.

Fig 5.4 shows the three coordination patterns applied and the results from the calcu-
lation of the joint torques and distances from the null space. The sum of joint torques in
the four-degrees of freedom was smallest in coordination pattern 2 compared to the other
two coordination patterns. The distance of coordination pattern 2 from the null space
of the moment arm matrix was also the smallest, implying that coordination pattern 2
which produced the neutral equilibrium pattern in the finger was closest to the null space

of the moment arm matrix among the three patterns.

5.5 Discussion

We have demonstrated the successful control of a cadaveric index finger to produce a
simple tapping motion consisting of flexion-extension of the MCP, PIP and DIP of the
index finger. We have also demonstrated that the finger exhibits neutral equilibrium in a
specific range of joint postures and tendon tension combinations and stable equilibrium
in others, when the tendon tensions are maintained at a constant set of values.

Even a simple motion like finger flexion-extension requires a coordinated set of tendon
excursions in all the tendons. But this does not necessarily mean that all the muscles
attached to these tendons need to be activated. Muscles not activated would be stretched
passively by the actions of the other muscles and the joint motion. The tendon tension

profile we recorded in our cadaveric actuation setup is again the force that in a living
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person would come from both active contraction and passive stretching. These force
profiles are not unique due to redundancy in the system (Bernstein 1967, Kutch & Valero-
Cuevas 2011). Multiple sets of muscle forces can lead to the same tendon excursions and
joint motion. The nervous system could pick a coordination pattern depending on the
task and the cost function being considered.

We tried to implement the finger tapping motion in force control, position control
and spring control modes. Force control, where the command consists of specific sets of
tendon tensions requires a good model of the plant to execute successfully. Otherwise
the specimen could be damaged if a specific force is being commanded on a tendon
and that cannot be produced due to kinematic restrictions or action of other muscles.
Simple position control again requires a perfect model of the plant to avoid tendons
from going slack. Also demanding a specific set of tendon excursions could result in
very high tendon tensions resulting in the system getting locked leading to damage. The
spring based control where inaccuracies in the model of the plant are accounted for by
simulated passive compliance in the controller proved most effective in the control of
the index finger. The spring based control has parallels to muscles in the human system.
Command from the alpha motor neuron can be considered as a command that reduces the
resting length of a spring resulting in force being generated. The force-length and force-
velocity properties of the muscle would effectively change the stiffness of this viscoelastic
structure. Together the finger can be considered to being displaced from one equilibrium
position to another. See Section 5.7 for a simulation study discussing this in more detail.

Joint equilibrium upon loading of tendons has been discussed with respect to the

fingers and also other joints in the body(Landsmeer 1961, Zdravkovic, Jacob & Sennwald
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1995). But, to the best of our knowledge, equilibria of finger joints at different tendon
tension combinations and joint postures has not been studied experimentally in cadaveric
specimens. Our cadaveric setup allowed us to tune in different tendon tensions easily and
observe changes in different postures. We observed both stable equilibrium discussed in
the literature before (Landsmeer 1961) where the finger upon external perturbation to
posture returned to a specific posture, as well as neutral equilibrium where the finger
upon displacement stayed in the new posture.

There is a natural equilibrium of the finger that is stable : produced by the stiffness
created by the skin, the ligaments, etc. This stiffness is larger at the boundaries in
comparison to the working range of the finger (Esteki & Mansour 1996). When perturbed
with no tendon tension inputs, the finger comes to this equilibrium posture. When a
control input is applied in the form of joint torque produced by tendon forces, then
depending on the tendon tension pattern, different behavior is observed: i. If the tendon
tension profile is in the null space of the moment arm matrix of the finger (in that posture),
the finger exhibits ‘neutral equilibrium’ where any perturbation in posture results in the
finger staying in this new posture because the equilibrium conditions are satisfied in this
new posture. This kind of behavior is seen in the working range of the finger motion
where the torque due to ligaments, skin, etc. is very small compared to the torque
produced by tendon tension. ii. For tendon tension profiles that do not lie in the null
space of the moment arm matrix, the equilibrium posture is closer to the boundaries of
the range of finger motion where the torque due to the passive stiffness (skin, ligaments,
etc.) balances the torque produced by the tendon tensions. See the Appendix (Section

?7?) for a mathematical description of this equilibrium.
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We only considered the fingertip force output and not the torque that the four degree-
of-freedom finger produces at the fingertip (Valero-Cuevas 2009). We need to include
the measured fingertip torque when regressing the action matrix from finger output and
tendon tensions. It is possible that the sum of torques at the joints as well as the distance
from the null space would be much smaller than that calculated here if this fingertip torque
were included in the analysis.

In this study the tendons were being held at a constant tendon tension pattern (using
force control). This is not exactly true in the human system, since changes in posture
result in changes in muscle lengths and hence, in tendon tensions (force-length relation-
ship). However, for small finger movements the length changes of the muscles would be
relatively small and hence keeping the tension profile also relatively fixed.

The existence of neutral equilibrium could be used by the central nervous system in
finger grasp. While the nervous system sends a simple finger flexion command, the finger
posture would be adjusted based on the shape of the object being grasped. Experiments
with EMG recordings in live subjects from the finger muscles during grasp would need

to be performed to test if this is true.
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5.6 Appendix: Mathematical explanation of finger equilibria

We describe here in more detail using a dynamical systems perspective, the two states of
equilibria of the finger. The finger can be described as a second order dynamical system.

Then the equation of motion of the system would be:

10+CO+KO=r

where I is the moment of inertia of the finger, @ represents the vector of joint angles at
the four degrees of freedom in the finger, C is the viscosity coefficient, K is the stiffness
coefficient and 7 is the vector of joint torques produced by the tendons. Suppose the

states of the system are x7,xs where x3 = 6 and x5 = 0

X& = X9

Xo=0=1"1'(1—-K0-C8)

In equilibrium,
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which implies,

(r—KO0)=0
But,

T =RFn

RF, — KO8 =0

But in the central region of the workspace of the finger, K is negligible compared to RFy,.
Hence, if Fy, lies in the null space of R, then there is ‘neutral equilibrium’. And when
it is not in the null space of R, then there is a net torque at the joints which displaces
the finger till it reaches the boundary where the K is not negligible. The new equilibrium

then corresponds to a posture, 6 such that RF,, — K0 = 0.
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5.7 Appendix: A strain-energy approach to simulating slow

finger movements and changes due to loss of musculature

5.7.1 Introduction

The neuromuscular interactions that produce slow and accurate finger movements are
not understood. The geometry of finger anatomy is such that a slow finger movement
(i.e., sequence of joint rotations) completely defines the necessary excursions of all ten-
dons. Given that muscle tone prevents tendons from becoming slack, all tendons must
undergo eccentric or concentric excursions during functional finger movements. Here, we
describe a novel computational solver to model slow finger movements, and report how
the mathematics of strain-energy of over-constrained systems can predict the impairment

in finger motion that accompanies partial paralyses.

5.7.2 Methods

A slow moving finger is best modeled as a first order dynamical system having low mass
and performing quasi-static motion (which is not the case for fast finger movements
(Darling et al. 1994)). Our 3-D model consists of a kinematic 3-link mechanism with
2 degrees of freedom (ad-abduction and flexion-extension) at the metacarpophalangeal
joint (MCP) and 1 degree of freedom (flexion-extension) at the proximal interphalangeal
(PIP) and the distal interphalangeal (DIP) joints. All seven muscles of the index finger
were included: flexor digitorum profundus (FDP), flexor digitorum superficialis (FDS),
extensor indicis proprius (EIP), extensor digitorum communis (EDC), first lumbrical

(LUM), first dorsal interosseous (FDI), and first palmar interosseous (FPI). The routing
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of the tendons across finger joints is represented by the moment arm matrix obtained
from (An et al. 1983). Our focus here is the computational engine, thus for now we
have neglected the extensor mechanism, but its effects will be considered in subsequent
work. Torsional springs at the joints simulate the known passive stiffness arising from
skin and soft tissue. The muscles actuating the index finger are modeled as tunable linear
elastic springs that only exert force in tension. Changing the latent resting length of a
spring, 10 , results in a muscle force that is proportional to the difference between its
current and resting lengths. Therefore the activation signal to a muscle is simulated as
a change in resting length, Aly (Fig. 1). Here, we are only interested in understanding
how finger movement arises from Alp , and simply assume that Aly can arise from a
neural command. A set of commanded resting lengths to all muscles defines the posture
attained by minimizing the strain-energy of the finger at equilibrium: where the net joint
torques produced by the muscles, T¢;; , are exactly balanced by the torques produced by

joint-stiffness, 7, .

As = RT(A6)
Text = RKm(AZO - AS)

Tin = KQ(AB)

where As is the change in tendon excursions, R is the moment arm matrix, K, is the

matrix of muscle spring constants,Aly is the change in spring resting lengths, Ky is the
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matrix of torsion spring constants at the joints and A@ is the resulting change in joint
angles.
Given that muscles behave like nonlinear springs that do not exert compressive force,

there is an extra constraint defined by,

Ky ~0 if Alg < RTAG (5.1)

Also, we ensure that Aly > 0 since muscle activation always leads to a net force
greater than passive stretch force. We solve the forward kinematic problem iteratively
using a Newton-Raphson iteration method.

As a first demonstration of our system, we simulated a simple quasi-static tapping
motion by finding an appropriate trajectory of muscle resting length changes. The move-
ment consisted of an initial retraction of the index finger followed by a downward flexion
motion (Fig. 5.5). In addition, we simulated the resulting trajectory for acute radial,
median and ulnar nerve palsies by removing the muscle commands to the i) two extensors,
ii) the two flexors, and iii) the two interosseii and lumbrical, respectively and applying
the same resting length change commands as before to the unaffected muscles. This sim-
ulates effects prior to neuromuscular adaptation (i.e., the robustness of finger trajectories
to acute loss of some muscles). Note that the affected muscles continue to exert passive

stretch forces even without the activation command.
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— Allintact
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Figure 5.5: Fingertip trajectories for a simple tapping motion in unaffected and im-
paired cases.
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5.7.3 Results and Discussion

Not surprisingly, the fingertip deviates from the original trajectory when some muscle
commands are removed (Fig. 5.5). Some postures and directions of movement become
impossible without the presence of specific muscles. However, the value of these simula-
tions is that they begin to explain the relative effect of different deficits and indicate which
muscles are more or less critical to the execution of accurate and slow finger movements.
In addition, finger movements are typically modeled using second order dynamics(Sueda
et al. 2008, Venkadesan & Valero-Cuevas 2008). Here we are proposing that a simple
quasi-static solver based on strain-energy equilibrium can model slow finger movements
since mass and inertia properties of fingers are small. While muscle mechanics depends
on neural activation and a muscles force-length and force-velocity properties, the end
product is a force command, which we generate by the adjustment of resting lengths of

fictitious springs.
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Chapter 6

Experimental validation of existing models of the index

finger

6.1 Introduction

The role of the different components of the extensor mechanism in finger function has
been long debated in the literature. While several simplistic computational models have
been suggested over the years, the normative model developed by An et al. 1979 (Chao &
An 1978a, An et al. 1979) remains the most comprehensive 3D anatomical model of the
index finger to date. Though this model has been employed in several research studies
(Eg. (Harding et al. 1993)), it has never been rigorously validated with experimental
data. The model assumes bowstringing of all tendons with joint rotation and a constant
force distribution within the different bands of the extensor mechanism, independent of
joint posture. Both the above assumptions are modeling simplifications and are contrary
to experimental observations. Valero-Cuevas et al. in 1998 (Valero-Cuevas et al. 1998)
emphasized the importance of including changes in force distribution through the extensor

mechanism, with finger posture. They modified a constant moment arm model proposed
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by An et al, 1983 (An et al. 1983), obtained by regression of tendon excursion-joint
angle data from cadaveric specimens, to include changes in force distribution through the
extensor mechanism with posture. But the validity of fingertip force predictions of neither
of these models has been tested with experimental data. In this chapter, we rigorously
validate the normative model of the index finger as well as the constant moment arm
models described in An et al, 1983 and Valero-Cuevas et al. 1998, with experimental

data collected from a cadaveric index finger in multiple postures.

Load cells measur-
ing tendon tensions

Strings connecting [l
tendons to motors

6 DF loadcell

Fingertip force vector

Figure 6.1: The experimental setup used to record fingertip forces from a freshly frozen
cadaveric hand. We applied all possible combinations of high and low tensions to
the seven tendons of the index finger (there are 128 such combinations) and recorded
corresponding fingertip forces. We repeated this in three different finger postures : fully
flexed, tap and fully extended.
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6.2 Methods

The seven tendons of the index finger: flexor digitorum profundus (FDP), flexor digito-
rum superficialis (FDS), extensor indicis (EI), extensor digitorum communis (EDC), first
lumbrical (LUM), first dorsal interosseous (FDI), and first palmar interosseous (FPI), in
a freshly frozen cadaveric hand were actuated using dc motors controlled by a National
Instruments PXI real-time control system (Fig. 6.1). All possible combinations of low
(2N) and high (10N) tendon tensions were applied to the cadaveric specimen and corre-
sponding fingertip forces and torques were recorded using a 6 DOF load cell attached to
the fingertip. This procedure was repeated at three different postures in one cadaveric
specimen.

A matrix transforming tendon tensions to fingertip forces (the action matrix) was
regressed from the experimental data in each posture (mean R? = 0.96). The normative
model of the index finger was implemented in MATLAB. The moment arm matrix cor-
responding to each finger posture was calculated based on rotations of tendon positions
as described in (An et al. 1979) and using equations for force distribution through the
extensor mechanism described in (Chao & An 1978a). The action matrix was calculated
by multiplying the inverse transpose of the Jacobian mapping joint angle velocities to
fingertip velocities, with the moment arm matrix (Valero-Cuevas et al. 1998). Similar
action matrices were determined for the constant moment arm models of An et al, 1983
(An et al. 1983) and Valero-Cuevas et al, 1998 (Valero-Cuevas et al. 1998). All moment

arm matrices were scaled to the length of the middle phalanx to reduce the effect of
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inter-subject variability (An et al. 1979). Each column of the action matrix (action vec-

tor), represents the fingertip force resulting from 1N tension applied to the corresponding

tendon. The sensitivity of the models to variations in moment arm values was then tested

by applying +£10% randomly distributed noise to the moment arm matrices in the three

models.
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Magnitude changes

Flexors Extensor mechanism tendons Anetal. 1979 (3)

An et al. 1983 (4)
Valero-Cuevas et al. 1998 (5)
Experimental data

Direction changes
Sagittal plane

b

Radio-ulnar plane

b

()
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Figure 6.2: Results of experimental evaluation of existing biomechanical index finger

models
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6.3 Results

Fig. 6.2 shows the changes in magnitude and direction of each tendons action vector
relative to the first posture for all models (and data). The changes in magnitude observed
in all three models disagree with one another and with those observed in experimental
data. The changes in direction for tendons other than EI and EDC (sagittal plane) and
LUM, FDI and FPI (radio-ulnar plane) also do not match with corresponding changes
in experimental data. The components of the action vector for the EDC and EI in
the radio-ulnar plane are very small and hence corresponding directional errors can be
neglected.

Fig 6.3 shows the absolute magnitude and direction errors for the An-Chao normative
model (An et al. 1979), which is the only one of the three models here that explicitly
represents the extensor mechanism. The figure shows the errors for each tendon’s action
vector when evaluated against the experimental data in the three finger postures. The
absolute errors in magnitude are very large. The direction errors for some of the intrinsic
tendons is smaller compared to the errors for the EDC and EIP. This is a little counterin-
tuitive considering that these are relatively ‘simple tendons’. Also the errors are different
in different postures as can be expected since the tension distribution in the extensor
mechanism is known to change with posture.

The flexors with larger moment arms are more sensitive to variations as compared to
the extensors and the intrinsics. A +10% change in moment arm values in these tendons
results in 30-40 degree change in fingertip force direction and around 50% change in

magnitude.
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Figure 6.3: Absolute magnitude and direction errors for the An-Chao Normative model
when tested with experimental data from a cadaveric index finger
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The three models of the index finger disagree with one another and with the experi-
mental data. They are sensitive to perturbations and result in large variations in fingertip
force output. Hence it is important to develop subject-specific models of these complex

systems that have been informed by experimental data.

6.4 Discussion

Our experimental validation of the existing models of the index finger revealed that
existing models have large magnitude and directional errors. More detailed and accurate
representations of the topology and parameters of the extensor mechanism, inferred from
experimental data, are necessary to develop reliable biomechanical models of the finger

to understand motor control of manipulation and changes upon damage.
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Chapter 7

Study of the sensitivity of fingertip force output to
topology and parameters of the extensor mechanism using

a novel finite element analysis simulator

7.1 Abstract

How the extensor mechanism of the fingers distributes forces from multiple muscles to
multiple joints resulting in fingertip force is not clearly understood. FExisting muscu-
loskeletal modeling software cannot model interactions of complex tendon networks with
bones. Here we present a novel simulator based on the finite element method that models
the mechanics of interactions of any elastic network of strings with arbitrarily shaped
solids like bones. We validated this simulator using experimental data from the actuation
of a latex rubber network draped on a solid hemispherical dome and observed that the
model matches the experimental data closely with an overall RMS error of 11.5% in forces.
We then simulated the extensor mechanism of the index finger as an elastic tendon net-

work of strings draped over an MRI scan of the finger bones. Since the properties of the
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extensor mechanism and its influence on fingertip force are poorly understood, we per-
formed a sensitivity analysis where we varied the positions of connectivity of the network,
the cross sectional area of the different bands, the resting lengths of these components
and the topology (or connectivity) of the network itself. We simulated these changes in
three different finger postures. We observed that the fingertip force output is sensitive
to the posture, the positions of the nodes, the resting lengths of the components and the
topology of the extensor mechanism and less sensitive to the cross sectional areas of the

different bands.

7.2 Introduction

Forces generated by the muscles actuating the fingers are transmitted to the joints through
a complex network of tendons called the extensor mechanism. The role of the extensor
mechanism in human manipulation is not clearly understood (Valero-Cuevas 2000a, Lee,
Chen, Towles & Kamper 2008, Landsmeer 1949, Haines 1951, Littler 1967, Harris Jr &
Rutledge Jr 1972). Studies have shown that the extensor mechanism transmits forces dif-
ferently at different finger postures. It has also been shown that the different components
of the extensor mechanism have different elastic properties (Garcia-Elias, An, Berglund,
Linscheid, Cooney & Chao 1991). While most studies of the extensor mechanism use
the Winslow’s rhombus representation, other representations have also been suggested in
the literature (Garcia-Elias, An, Berglund, Linscheid, Cooney lii & Chao 1991). How

fingertip force output changes with these parameters: locations of the network nodes, the
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elastic properties of the network or the topological representation (the network connec-
tivity) itself, has not been studied.

Computational modeling can be a useful tool to understand the mechanical behavior
of the extensor mechanism and its sensitivity to the properties mentioned above. Most ex-
isting computational models of the fingers do not represent the interactions of the various
components of the extensor mechanism. They either consist of combinations of Landsmeer
models for tendon routing (Sancho-Bru et al. 2001) or are represented as constant moment
arm matrices (An et al. 1983, Spoor 1983, Leijnse et al. 1992, Leijnse 1996, Valero-Cuevas
et al. 1998). The An-Chao model (Chao & An 1978a, An et al. 1979), one of the earli-
est developed mathematical representations of the finger, which has been used in several
studies in the literature (Li et al. 2001, Harding et al. 1993, Dennerlein, Diao, Mote Jr
& Rempel 1998, Weightman & Amis 1982), explicitly modeled the distribution of forces
within the extensor mechanism. But it assumed a fixed distribution of tendon tensions
among the different bands of the extensor mechanism for all postures. However, ear-
lier studies had shown that the geometry of the bands as well as the force distribution
through them, change significantly with posture (Garcia-Elias, An, Berglund, Linscheid,
Cooney Iii & Chao 1991, Sarrafian et al. 1970, Micks & Reswick 1981). Recently, a dy-
namic simulator of the hand has been developed (Sueda et al. 2008) that simulates the
interactions of these tendon network interactions. But it is aimed at producing realistic
hand motion for graphics applications and the force transmission capability of this model
has not been validated with experimental data.

Most existing musculoskeletal modeling software like SIMM (Motion Analysis Corpo-

ration) (Delp & Loan 1995), AnyBody (AnyBody Technology) (Damsgaard et al. 2006)
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or MSMS (Davoodi et al. 2007) do not have the capability to model tendinous networks.
They are based on single line of action models for the musculotendons or use of wrapping
surfaces and via points to model the routing of musculotendons around joints. See chap-
ter 2 for more details about these models. These techniques do not suffice to model the
wrapping of a network of tendons on solid bony surfaces. Hence, we developed a novel
finite element method based simulator that models the mechanical force transmission by
an elastic network of tendons draped on any arbitrary solid (like bones) which we present
here. It is an advancement of the relaxation algorithm based simulator presented earlier
(Lipson 2006, Valero-Cuevas & Lipson 2004). It can be effectively used to model isometric
force production in complex biomechanical systems. We validate this solver by actuating
a latex network draped on a hemispherical dome. We then use this simulator to model
the finger extensor mechanism to study the sensitivity of fingertip output to variation in

the parameters and topology of the extensor mechanism.

7.3 Methods

7.3.1 The tendon network simulator

Previously, a relaxation algorithm was used to simulate mechanics of tendon networks in
2D and for networks on simplified models of bones in 3D(Valero-Cuevas & Lipson 2004).
Here we use the finite element method to expand this work to develop a simulator of
elastic networks interacting with arbitrarily shaped rigid objects. The solver assumes the
solid surface to be fixed and frictionless, and the elastic network is free to deform and

slide over the surface while the resulting contact forces can be determined.
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Motors

Load cells

Reflective markers

Fixed nodes

Figure 7.1: Validation of the tendon network simulator. i.A latex network was draped
on a hemispherical dome.The network had three input nodes that were connected to
nylon strings and were actuated using dc servo motors and 2 output/fixed nodes that
were attached to load cells fixed to the ground. Reflective markers tracked by a four-
camera motion capture system, were attached to the strings actuating the network to
measure the direction of the input and output force vectors.The hemisphere was coated
with graphite powder to reduce friction. ii.The latex network draped on a hemisphere
was simulated using the tendon network simulator. The same input force vectors applied
in the experimental setup was used to actuate the network and the output forces were
calculated at the fixed nodes using the non-linear finite element method.
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We model the elastic tendon networks using cable elements that transmit forces in
tension but not in compression, that are connected at nodes that only have displacement
degrees of freedom (three, similar to a 3D truss). The solid surface on which this network
is draped is modeled as a rigid tessellated solid. The boundary conditions include the
input force vectors applied on the network (by muscles in the body) in 3D and zero
displacements at the nodes where the elastic network attaches to the solid (the tendon
slips). We used the incremental-iterative Newton-Raphson (NR) technique to solve the
non linear finite element problem (Crisfield 1991). First the initial configuration of the
network was defined in the same 3D coordinate space as the rigid polygon model of the
bones. Then in every large iteration of the process, we performed i. a node penetration
test — If a node was inside the tessellated solid, we pushed it to the surface and held it
there by a constraint spring and ii. an element penetration test —We tested multiple points
along the length of the element and created new nodes at points penetrating the solid and
pushed them to the surface. Once node and element-penetration tests were performed,
the tangent stiffness matrix and residue vector were calculated for every element. These
were assembled and the displacements of the nodes were calculated for small increments
in load using the iterative Newton-Raphson method. The node- and element-penetration

tests were repeated for every load increment. Please see the appendix for more details.

7.3.2 Experimental validation of the tendon network simulator

We draped a network made of latex rubber on a plastic surface which formed a part of
a hemisphere. The network had three input nodes and two output nodes (Fig. 7.1).

We connected the input nodes using nylon strings to dc servo motors. The strings were
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routed around pulleys connected to 1IDOF load cells that measured the tension in these
strings. The output nodes were connected to fixed load cells attached to the ground, also
using nylon strings. A 4-camera optical motion capture system, manufactured by Vicon
(Lake Forest, CA), tracked reflective markers adhered to each of the input and output
strings, from which we determined the bases for the input and output force vectors. We
applied different sets of tensions on the input strings using a PXI controller (National
Instruments) connected to the dc servo motors and measured the force magnitudes in
the output nodes. We obtained a dataset of experimentally recorded input-ouput force
vectors. We then simulated the latex network draped on the hemispherical surface in
our tendon network simulator and calculated the output force vectors for the same set
of input force vectors that we had applied in the experiment thus obtaining a dataset of

input-output force vectors in simulation.

7.3.3 Simulating the extensor mechanism

We modeled the extensor mechanism using the Winslow’s rhombus topology (originally
described by Winslow and reproduced in drawing by Zancolli (Zancolli 1979)) that has
been used in several studies previously (Eg. (Chao & An 1978a, An et al. 1979, Valero-
Cuevas et al. 1998)). We obtained the resting lengths of the elastic elements forming
the extensor mechanism by draping the network on the finger bones rotated to a neutral
ad-abduction posture with 40 degrees flexion at the metacarpophalangeal (MCP) joint,
30 degrees flexion at the proximal interphalangeal (PIP) joint and 5 degrees flexion at the
distal interphalangeal (DIP) joint. We modeled all the tendons using the same nonlinear

stress-strain relation obtained from (Zajac et al. 1989). Since these tendons are all made
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of collagenous fibers, this is a valid assumption. We calculated the element cross-sectional
areas for each of the bands of the extensor mechanism using values for the force length re-
lationship provided in (Garcia-Elias, An, Berglund, Linscheid, Cooney & Chao 1991). We
obtained the polygonal surface model of scanned hand bones from the Stereolithography
Archive at Clemson University. We studied the finger in three postures, all in neutral ad-
abduction : i. Fully flexed (50 60 20) ii. Tap (40 30 5) and iii. Fully extended (20 20 10).
(Note that the values in the parentheses represent the flexion joint angles, in degrees, at
the MCP, PIP and DIP, respectively for each of the postures.) There were three inputs to
the model representing forces from four of the muscles actuating the index finger- the first
palmar interosseous (FPI), extensor indicis (EI), extensor digitorum communis (EDC)
and the first lumbrical (LUM). The EI and the EDC which have a very similar line of
action (An et al. 1983) were modeled as one input. The extensor mechanism attached to
the finger bones at two points, the central and the terminal slips on the middle phalanx
and distal phalanx respectively (Fig. 7.2a). We did not model the retinacular and the
oblique retinacular ligaments (Bendz 1985). Solving the non linear finite element problem
gave us the displacements of all the nodes of the network and the reaction forces at the
two slips. We obtained joint torques from tendon tensions and calculated fingertip force
output using the formulation F' = J~T7 (Valero-Cuevas 2009) where F is the fingertip
force output, J is the jacobian transforming joint angle velocities to fingertip velocities

and T is the vector of joint torques (Fig. 7.2a).
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7.3.4 Sensitivity analysis

Sensitivity analysis is a common procedure in computational modeling to see the effect
of changes in parameter values or inputs on the output of the model. Local sensitivity
analysis is one of the simplest forms where the parameters/inputs to the model are varied
one at a time keeping the others fixed at the base value (Scovil & Ronsky 2006, Raphael,
Tsianos & Loeb 2010). We tested the local sensitivity of the fingertip force output to
four different properties of the extensor mechanism : i. Node positions of eight nodes
forming the extensor mechanism, ii. Cross-sectional areas of 10 elements, iii. Resting
lengths of 10 elements iv. Topology of the network (Fig. 7.2b). We assumed palmar-
dorsal symmetry for all properties (so number of parameters were reduced to half their
total number). We varied each property individually and measured changes in fingertip
force magnitude and direction in reference to those generated using the base network
with nominal values for the properties (defined in the previous section). For the first
three properties, we generated 100 samples each, consisting of random combinations of
parameter values lying between +25% of the range of possible values for the parameter
of interest (i.e. 100 combinations of node positions, 100 combinations of cross sectional
areas, etc.) To understand the effect of topology, 16 discrete topologies were studied,
formed by different combinations of inclusion and removal of four bands of the extensor

mechanism (Fig. 7.2b).
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(a) The figure shows the three postures that were simulated : fully flexed, tap and fully extended.
The tension distribution in the different bands of the extensor mechanism was obtained by solving
the nonlinear finite element problem of an elastic cable network draped on a tessellated solid.
Fingertip force vectors were calculated from the torques produced at the four joints (two at the
MCP and one each at the PIP and the DIP) using the jacobian transforming joint angle velocities
to fingertip velocities.

Tessellated
bones

of nodes areas
iii. Resting lengths

i. Locations ii. Cross-sectional iv. Topology

(b) The figure shows the tessellated bone structure and the elastic tendon network with base values
for its properties, that was draped on the bones. The local sensitivity of fingertip force output
to four properties were studied : i. node locations of eight nodes, ii. Cross-sectional areas of 10
elements, iii. Resting lengths of 10 elements, iv. topology of the network (16 topologies obtained
by combinatorial addition and removal of 4 pairs of bands).

Figure 7.2: Sensitivity analysis of fingertip force output to properties of the extensor
mechanism
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7.4 Results

7.4.1 Results of validation of the tendon network

The reaction forces determined using the tendon network simulator matched the ex-
perimental data closely with a normalized RMS error of 11.5%. Figure 7.3 shows the
validation results. To ensure that any arbitrary network would not produce the same
reaction forces, we also simulated a latex network slightly altered from the one used for
the experiments in our tendon network simulator. We then compared the reaction forces
predicted for the altered network with the previous experimentally measured values. The

errors in this case were much larger.

7.4.2 Results of sensitivity analysis

We observed that the sensitivity of the fingertip force output to the different properties of
the extensor mechanism varied largely with finger posture (Fig. 7.4). This was not very
surprising because it has been shown in early cadaver studies that the tension distribution
within the bands of the extensor mechanism changes with finger posture (Sarrafian et al.
1970, Micks & Reswick 1981) with more force being transmitted to the terminal slip
in extended postures and to the central slip in flexed postures. The sensitivity of the
fingertip force is also different for the different properties of the extensor mechanism.
Based on the local sensitivity analysis performed here, we observe that the fingertip
output is most sensitive to the resting lengths of the bands of the extensor mechanism.
+25% perturbation of the resting length can lead to more than 40 degrees of change

in fingertip output and more than 200% change in force magnitude. Topology of the
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Figure 7.3: Comparison of experimental and simulated data for latex network draped
on hemisphere. The figure shows a comparison of force magnitudes at the two fixed
nodes of the latex network recorded experimentally vs. calculated in simulation using
the tendon network simulator. The left column shows results when the same network
topology and parameters were generated in simulation as those used for the experiment.
The force magnitudes in the experimental and simulated cases matched closely seen by
their proximity to the x=y line. The right column shows comparison of the same
experimental data with simulated data from a network with a modified topology than
the one used for the experiment. The experimental and simulated force magnitudes
do not align closely to the x-y line unlike before. This demonstrated that the tendon
network simulator accurately represented the physical latex network and the matching
up of the experimental and simulated data was not mere coincidence.
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network is also critical and the removal or addition of specific bands of the network can
also lead to a change in direction of up to 40 degrees and magnitude up to 180 %. Node
positions and cross-sectional areas play a less significant role in changing fingertip force
output. While altering node positions could change the output by up to 50% in force
magnitude and 10 degrees in direction the changes upon altering cross-sectional area are
very small. But, one should remember that this is a local sensitivity analysis performed
by perturbing one set of parameters at a time from the base model, keeping the others

fixed. In reality, these parameters interact nonlinearly to produce fingertip output.
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Figure 7.4: Box plots showing deviation in fingertip force direction and magnitude in
the three finger postures upon varying the properties of the extensor mechanism from
those in the base condition : 1. Node positions, 2. Cross sectional areas, 3. Resting
lengths of the elements, 4. Topology of the network. The box plot for the first three
properties shows that the fingertip force magnitude and direction are highly sensitive to
resting lengths of the bands, less sensitive to node positions and least sensitive to cross
sectional areas of the bands. The deviations for all the 16 topologies is shown using a
scatter plot. Some topologies have larger deviation than others and the deviation in the
different postures is also different.However, this is the local sensitivity of the network
and does not fully capture the global landscape.
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7.5 Discussion

Here we have presented a novel simulator to model the interactions of elastic tendon
networks with arbitrarily shaped bones in three-dimensions. We have validated this sim-
ulator with experimental data from a latex network draped on a hemispherical dome
and shown that the model prediction match closely with the data (RMS error of 13% in
reaction forces). Some reasons for the slight mismatch between the model and the ex-
perimental data could be attributed to measurement errors, friction on the hemisphere,
errors in calculation of force vector direction from motion capture data and also replica-
tion of the exact experimental setup in simulation (Eg. location of the network on the
hemisphere, location of the fixed nodes where the reaction forces were measured, etc).

It has also been shown in cadaveric observational studies of the extensor mechanism
(Garcia-Elias, An, Berglund, Linscheid, Cooney Iii & Chao 1991) that there are large
changes in spatial arrangement of the components of the extensor mechanism in the
different postures.We observed this in simulation too. While the actual deformation of
the components itself was not very large, the components did shift and the distribution
of tension in them changed substantially with finger posture. This was also seen in
the sensitivity analysis where the sensitivity of the fingertip force output direction and
magnitude was different in different postures.

We model the extensor mechanism as a set of elastic strings connected to each other
at distinct nodes. This is an approximation of the true structure which consists of several
thin elastic collagenous fibers interlaced to form a sheet of collagen. Also the base network

assumed here is based on the Winslow’s rhombus topology and the node positions were
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chosen to approximately represent the network as seen in textbooks of anatomy, based
on anatomical observation in cadaveric specimens. In Chapter 8 we will infer a more
accurate topology and set of parameter values directly from experimental data collected
by testing of a cadaveric index finger.

As mentioned earlier, the sensitivity analysis described here is a local sensitivity analy-
sis where individual properties were varied independently keeping all the other properties
fixed at the base level. But since these different properties interact in a nonlinear fash-
ion, the sensitivity profile could change if different base parameter values are assumed
for the properties or if multiple properties are varied simultaneously. A more rigorous
sensitivity analysis based on Monte Carlo sampling methods (Santos, Bustamante &
Valero-Cuevas 2009) would be more comprehensive.

The sensitivity analysis demonstrated that the fingertip force output is most sensitive
to topology and resting lengths of the bands. For a stiff elastic network like the tendon
networks, the deformation of the network upon loading with low forces like the ones
applied here or those applied by muscles in the human fingers is very small. Hence, the
largest effect of fingertip force is due to changes in connectivity of the network because
force distribution largely depends on which bands are transmitting forces. Changing
the resting length or changing the topology perform the same function of changing this
connectivity. Hence the fingertip force output is most sensitive to these properties.

While the tendon network simulator here has been used to determine finger forces in
an isometric scenario, it could be easily extended to simulate slow finger movements as a

quasi-static solver. Joint torques would be calculated the exact same manner as shown
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here and the joint angles of the finger are changed to reach a new equilibrium posture of

the finger.

7.6 Appendix

The tendon network simulator relies on solving a nonlinear finite element problem. The
tendon network is represented as a set of elastic elements connected to one another at
distinct nodes. These elements have the same elastic properties as human tendons and
they exert forces only in tension. Hence the network is represented as a truss network but
with elements transmitting force only in tension (string or cable network). The bones
are represented as tessellated solids, rotated to represent the posture being simulated.
They are modeled as rigid solids and their elastic deformations are neglected. The elastic
network drapes on this solid and the algorithm ensures the network does not penetrate
this solid. The flow chart of the algorithm used to solve the finite element problem is
shown in Fig. 7.5. It is based on an incremental-iterative Newton-Raphson method
(Crisfield 1991).

The external force vector 'F consisting of x,y,z components of the external force
vectors acting on each of the nodes of the tendon network is applied to the system in

parts WF.
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Figure 7.5: Flowchart of the algorithm used for the tendon network simulator

We would like to solve the problem JF = P(U) where P is the internal force vector
arising due to the elastic deformation of the elements of the tendon network and U is the
vector of x,y,z components of displacements of each of the nodes. Since the network has
nonlinear material properties and the elements transmit forces only in tension, this forms
a nonlinear system of equations and are solved numerically using the Newton-Raphson

iteration technique. Hence in iteration, ¢,

' =U) F — p?
. ot .
i+l e AU?
Y P+ U U
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124



o’

V=t
i _8'd)z -1,/
i __ aPZ -1,/

Ut = U + AU’

% is called the tangent stiffness matrix (K} )and is formed by assembling the tangent

stiffness matrices of all elements. The P? is similarly obtained by assembling the internal

force vector, p* for each element.
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€ is the strain in the element, [ is the current length, [y is the resting length, A is the area
of cross section, A is the direction cosine, and o the stress obtained using the nonlinear
stress-strain relationship for the tendon consisting of a linear and an exponential portion

as described in (Zajac et al. 1989).

125



7.6.1 Node and element penetration tests

A node-penetration test was performed to check if any node was penetrating the solid.
This was done by checking the sign of the dot product of the vector from the node to
the centroid of the closest triangle and the outward normal vector to that triangle. If a
node was penetrating the solid, the node was pushed out to the surface by a restoration
force created by a constraint spring element from the nearest point on the surface to the
penetrating node. This spring element had a negligible resting length and high stiffness,
and represented the force that a solid surface applies to prevent penetration. Then an
element-penetration test was performed by repeating the node penetration test at distinct
points on the element. If a point on the element was penetrating the solid, a new node

was created at that point and pushed to the surface in the manner described above.
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Chapter 8

Inference of the topology and parameters of the tendon

networks of the human fingers via sparse experimentation

8.1 Abstract

Computational models of biomechanical systems are generally developed using exper-
imentally measured values for specific parameters of the system and fitting this to a
structure that is based on anatomical observations with simplifying assumptions. How-
ever, it is not always feasible to measure all parameters in a system and there is no
guarantee that the assumed anatomical structure of the model is functionally accurate.
As we have demonstrated in chapters 3 and 4, models whose structure and parameter val-
ues are inferred directly from experimental data can be more accurate representations of
the system whether the goal is to obtain subject-specific models or models that generalize
across specimens. However, obtaining a large amount of data from biological systems can
be very expensive. Here we implement a novel method to simultaneously infer the param-
eter values and topology/structure of a three dimensional anatomy-based model of the

extensor mechanism of the index finger directly from functional input-output cadaveric
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experimental data through intelligent testing that enables the inference with minimal
data points. We show that the models of the extensor mechanism inferred using this
technique more accurately predict fingertip force magnitude and direction in comparison

to a model widely used in the literature.

8.2 Introduction

Understanding neural control of motion and force requires accurate representations of the
‘plant’ or the peripheral musculoskeletal system being controlled. Computational models
of these musculoskeletal systems have been widely used in the literature to understand
how they produce movement and force when actuated by the nervous system(Valero-
Cuevas et al. 2009). These computational models are generally based on anatomical
observations in cadaveric specimens. In most cases, a fixed structure and connectivity
of the musculotendons to the bones and joints is assumed and the model parameters
are obtained using rigorous experimental measurements (Holzbaur, Murray & Delp 2005,
Brown & Loeb 2000, Murray et al. 1995) or calculated based on equilibrium conditions
or solving an optimization problem (Chao & An 19785, Lee & Rim 1990).

In some cases, it is very difficult to measure certain properties or parameter values of
these musculoskeletal systems experimentally. In many cases musculoskeletal models are
not one-to-one representations of the biological system. They consist of computational
simplifications and hence some parameters of the model may not correspond directly to
a specific properties in the system. For example, muscles with a large insertion are often

represented using multiple segments (Holzbaur et al. 2005). Hence an alternative method
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of inference of model parameters directly from experimental data has been used in recent
years (Yeo, Tresch & Pai 2008, Gatti & Hughes 2009, Yeo, Mullens, Sandercock, Pai &
Tresch 2011, Raphael et al. 2010). In these studies, model parameters are optimized such
that the difference between the experimental data and the model outputs is minimum.
But then, these studies still make an assumption on the structure of the model : the
topology or the connectivity of the different components, based on the knowledge of the
anatomy. But if this assumed structure itself is not correct, inferring model parame-
ter values from experimental data and fitting them to the wrong structure would not
solve the problem. Hence a new computational method was developed by Valero-Cuevas
et al. (Valero-Cuevas, Anand, Saxena & Lipson 2007) to simultaneously infer model
topology and parameter values of complex biomechanical systems from experimental
data. Moreover this method based on the estimation exploration algorithm developed
by Bongard and Lipson (Bongard & Lipson 2004a, Bongard & Lipson 2005b, Bongard &
Lipson 2005a), demonstrates this inference through minimal experimental data points.
In this method, the concept of predator-prey coevolution is used to optimize a set
of models explaining the data and a set of tests that give most information about the
models. The estimation phase involves optimization of a set of models that best fit the
available experimental data points. This is followed by the exploration phase that involves
finding a test/tests that create most disagreement among the best models obtained so
far. Only these tests are then meant to be carried out on the physical system to obtain
new experimental data points. This process continues till convergence. Hence, instead
of randomly picking experimental tests to perform on the system, only ‘intelligent’ tests

chosen by this method are used. Please see (Bongard & Lipson 2005a) for more details on
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the method and (Valero-Cuevas, Anand, Saxena & Lipson 2007) for the implementation
in inference of tendon networks. It was shown here (Valero-Cuevas, Anand, Saxena &
Lipson 2007) that this method of inference of structures via ‘intelligent testing’ performed
better than using random tests in speed of convergence to good solutions as well as the
accuracy of the solutions obtained. Here we apply this methodology to simultaneously
infer the topology and parameter values of computational models of the finger’s exten-
sor mechanism from experimental data obtained by actuating a human cadaveric finger.
Please see Chapter 7 for an overview of existing models of the index finger. We compared
the inferred model of the extensor mechanism with the model proposed by Chao and
An (Chao & An 1978a, An et al. 1979) most commonly adopted in the literature and
which is one of the few models that actually explicitly incorporates the interactions of
the components of the extensor mechanism in fingertip force prediction. But this model
assumes constant force distribution through the different bands and no changes with
posture which has been demonstrated in cadaveric studies to not be the case in reality

(Sarrafian et al. 1970, Micks & Reswick 1981).

8.3 Methods

8.3.1 Experimental data from a cadaveric index finger

The cadaveric experimental setup used to actuate the seven tendons (FDP,FDS,EIP,LUM,FDI,FPI)
of the index finger is described in Chapter 6. Using force control mode (see section 5.3),
we applied a base tension of 1IN on the FDP, FDS and the FDI. We applied a set of

randomly generated tendon tensions (uniform distribution) lying between 1N and 11N
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Figure 8.1: The experimental setup used to record fingertip forces from a freshly frozen
cadaveric hand. We applied 24 combinations of random inputs lying in the range of 1 to
11N to the EIP, EDC, LUM and FPI tendons of the index finger and a base tension of
1N on the other three tendons (FDP, FDS and FDI). We recorded the output fingertip
forces for each combination of inputs. We repeated this in three different finger postures
: fully flexed, tap and fully extended.
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on the EIP, EDC, LUM and FPI. Whether the FDI attaches to the extensor mechanism
or not has been debated in the literature and there have been contradicting observations
(Salsbury 1937, Garcia-Elias, An, Berglund, Linscheid, Cooney Iii & Chao 1991). We
chose to actuate the FDI with base tension and not consider it as an input to the exten-
sor mechanism. The fingertip was rigidly attached to a 6 DOF load cell (JR3, Woodland,
CA) from which we obtained the fingertip force vector. We repeated this procedure in
three different finger postures : fully flexed, tap and fully extended all in neutral ad-
abduction and flexion-extension joint angles at the MCP, PIP and DIP of (26 62 35), (25
40 30), (5 30 20) degrees, respectively in the three postures. Hence the entire dataset

consisted of 72 tests (24 in each of the three postures).

8.3.2 Modeling environment

The tendon network simulator used to model the interactions of the elastic tendon net-
works draped on the bones of the index finger is described in detail in Chapter 7. Fig.
8.2 shows the base model along with the properties of the extensor mechanism that were
inferred from the experimental data : i. node positions of 6 nodes (4 variables) forming
the extensor mechanism, ii. resting lengths of 13 elements (7 variables) and iii. topology
of the network : 8 elements (4 variables). We chose to infer these specific properties
based on the sensitivity analysis results in Chapter 7. The node positions were moved
along the length of the outer segment. The resting lengths at any set of node positions
were determined by first draping the network with no input tendon tension in a spe-
cific posture (neutral ad-abduction, 40,30,5 degrees flexion at the MCP, PIP and DIP,

respectively) and then altering this length by the factor determined by the optimization
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variable corresponding to this parameter. The topology was varied by either including
or removing the specific eight bands of the extensor mechanism shown in Fig. 8.1. We
assumed symmetry of the network topology and parameters about the sagittal plane of
the finger for computational simplicity. The extensor mechanism model was assumed to
have three inputs: the LUM, the FPI and one extensor input. The EIP and the EDC were
combined as one single tendon and the tension magnitudes applied to these two tendons
were summed together. Given, a set of topology-parameter values, input force magni-
tudes and finger posture, the fingertip force vector was determined solving the nonlinear
finite element problem, calculating joint torques and using the Jacobian matrix mapping

the joint angle velocities to end point velocities as described in Chapter 7.

Tessellated
bones

i. Locations of ii. Resting lengths of iii. Topology : 8
6 nodes 13 elements elements
(4 variables) (7 variables) (4 variables)

Figure 8.2: The tendon network simulator and the variables being inferred. The tendon
network was modeled as a network of elastic cable elements draped on a tessellated
model of the bones. Three properties of the network were varied :i. Node positions of
6 nodes (4 variables), ii. Resting lengths of 13 elements (7 variables) and iii. Topology
of the network : 8 elements (4 variables).
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Figure 8.3: The estimation exploration algorithm. The algorithm began with three
random tests consisting of input tendon tensions and experimentally recorded finger-
These were used to optimize
individually three models of the network minimizing errors in fingertip force direction
and magnitude between the experimental data and model prediction. This is the es-
timation phase. This was followed by the exploration phase where the two tests that
cause maximum disagreement in fingertip force magnitude and direction between the
optimized models from the estimation phase were picked. These data points from the
experimental dataset were then added to the test suite and used for the estimation.
This coevolution of models and tests was carried out for six iterations.

tip forces in three postures (One test in each posture).
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8.3.3 Inference algorithm

We used the estimation-exploration algorithm to infer the topology and parameter values
of the extensor mechanism (Bongard & Lipson 20044, Bongard & Lipson 2005b, Bongard
& Lipson 20054, Valero-Cuevas, Anand, Saxena & Lipson 2007). Our inference began with
a test suite consisting of three random data points measured experimentally, i.e three sets
of input tendon tensions and experimentally recorded fingertip forces in three postures
(1 test in each posture). These were used to optimize individually three models of the
network in parallel in what is called the estimation phase (Fig. 8.3). The optimization
cost function was a weighted sum of the fingertip force magnitude error and fingertip
direction error, which we shall call the fitness error. The fingertip force magnitude error
was the root mean squared (RMS) normalized magnitude error and the force direction
error was the RMS direction angle error of the fingertip force vector over all the tests
in the test suite. We used a Markov-Chain Monte Carlo based optimization algorithm
for the estimation. The estimation phase was followed by the exploration phase. Here
the tests competed amongst themselves (each test consisting of posture and input tendon
tensions) to create largest disagreement among the three optimal models obtained in the
estimation phase. The disagreement produced by a test was measured by the variance
in fingertip force magnitude (or fingertip force direction) when this test was applied
to the three optimal models from the estimation phase, in simulation. Two tests were
selected, one which when applied to the three models in simulation, resulted in the largest
variance in fingertip force magnitude and the other, which resulted in largest variance

in fingertip force direction. The experimental data points corresponding to these two
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new tests were then added to the test suite and the estimation was repeated. This
co-evolution of models that explained the available data points in the test suite and of
tests that caused most disagreement among the optimal models, was repeated till we
either ran out of experimental data points, the error in the estimation phase stopped
improving or the error was below a certain bound which was defined by the errors in
experimental measurement of joint angles and segment lengths (See below for details).
This entire inference algorithm was run in a parallel computing environment using the
Matlab Parallel Computing toolbox on a computer cluster at the USC High Performance
Computing and Communications Facility.

We implemented the An-Chao normative model (Chao & An 1978a, An et al. 1979) of
the index finger to obtain moment arm values for the tendons of interest (EIP, EDC, LUM
and FPI) in the three finger postures described above. We scaled the model based on the
length of the middle phalynx (An et al. 1979). We obtained fingertip force vector using
the equation (Valero-Cuevas 2009), Fi;p = J T RFy, where Fyp, is the fingertip wrench
vector, J is the Jacobian matrix mapping joint angle velocities to fingertip velocities, R
is the moment arm matrix, and Fy, is the vector of tendon tensions. We only used the
fingertip force components of the fingertip wrench vector for this study (not the torque
produced at the fingertip).

We compared the errors of the inferred models when tested with all the data points
in our dataset (72 tests, 24 in each of the three postures) against the errors for the An-
Chao model (Chao & An 1978a, An et al. 1979). We compared the errors of the fingertip
force direction and magnitude only in the sagittal plane of the finger. The ad-abduction

force component arises from the ad-abduction torque at the MCP which is governed by
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the location of the input tendons with respect to the joint center and not the properties
(topology and parameters) of the extensor mechanism we were trying to infer. The RMS
magnitude errors (errormyqg) and RMS direction errors (errorg;.) were calculated using

the equations below:

N
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where errory,q.q and errorg;, are the errors in fingertip force magnitude and direction,
respectively, N is the total number of tests in the data set (N=72 in our case), F,04
is the fingertip force magnitude in the model, F.,, is the experimental fingertip force

magnitude.

8.3.4 Experimental measurement error

Errors in measurement of joint angles and segment lengths are almost unavoidable in
experiments with biological specimens like the cadaveric index finger (using current mea-
surement techniques: ruler and goniometer/motion capture). This is because of the
existence of non-engineering joints and the presence of skin and fat over the bones whose
length and posture we are trying to measure. These errors in measurement lead to er-
rors in fingertip force direction and magnitude largely because of the nonlinear Jacobian
matrix mapping joint angle velocities to fingertip velocities that also is involved in the

transformation of joint torques to fingertip force. Our inference algorithm will only be
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able to obtain models that are as accurate as the experimental data; in other words,
the experimental measurement error defines the bound/limit on the fitness error of the
models being inferred. We performed a Monte Carlo analysis by perturbing the joint
angles defining the posture of the finger by +5 degrees and segment lengths by +5% and
calculated the fingertip force direction and magnitude errors in simulation, keeping the
network topology and parameters fixed. This determined the experimental uncertainty
bound and any model with errors below this bound would be a valid solution to the

problem.

8.4 Results

The results presented here are based on four separate runs of inference using the estimation-
exploration algorithm. Each inference run consisted of six iterations of the estimation
and exploration phases. A total of thirteen intelligent tests were introduced. Since each
run inferred three independent models, we obtained 12 ‘optimal’ models at the end of four
runs. We compared the RMS errors in force magnitudes and directions of the sagittal
components of the fingertip force vectors predicted using the An-Chao model as well as
the twelve inferred models. We chose to only compare the sagittal components because
the ad-abduction component of the force vector arises largely from the moment arms of
the tendons about the MCP which are not part of the extensor mechanism and hence
not varied in the inference process. Fig. 8.4 shows the comparison results. We only show
the mean and std deviation of the best five models obtained from the inference. The

RMS magnitude errors for the An-Chao model was about five times larger than the mean

138



error for the five best inferred models. The directional errors were also 1.6 to two times
larger than in the An-Chao model compared to the inferred models. The direction errors
for the fully flexed posture were the largest for both types of models followed next by
the tap posture and then the fully extended posture with the lowest errors. The band
of experimental uncertainty shown in the figure was generated by doing a Monte Carlo
analysis where the joint angles were perturbed by 45 degrees and the segment lengths
by +5%, keeping the network topology and parameters fixed. These experimental errors
resulted in an error of up to 1.5N in fingertip force magnitude and 14.5 degrees in force
direction. This forms the bound on the accuracy of the inference algorithm. Any model
with errors below this bound is a valid solution to the problem.

The best five inferred models of the extensor mechanism are shown in the fully ex-
tended posture in Fig. 8.5. The color map indicates the tension in each of the bands
of the extensor mechanism. The models differ in their topology and parameter values,
but have a similar fingertip force direction and magnitude error. This demonstrates the
issue of non-uniqueness that has been discussed in earlier work as well (Valero-Cuevas,
Anand, Saxena & Lipson 2007). We discuss more details about unobservability and

non-uniqueness in Chapter 9.
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Figure 8.4: Comparison of magnitude and direction errors of the saggital plane compo-
nent of the fingertip force vector in the best five inferred models vs. An-Chao normative
model (Chao & An 1978a, An et al. 1979) in the three finger postures fully flexed, tap
and fully extended. The RMS magnitude errors as well as directional errors were much
larger for the An-Chao model compared to the inferred models in each of the three
postures.
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Figure 8.5: The best five inferred models obtained using the estimation-exploration
algorithm. These models have similar input-output behavior but vary in their topology
and parameters, demonstrating non-unique solutions.
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8.5 Discussion

Here we have demonstrated for the first time the inference of a functional 3-dimensional
model of a musculoskeletal system from experimental data collected from an intact cadav-
eric system using intelligent testing. The inferred models capture the functional behavior
of the system more accurately than the model most commonly used in the literature.

The An-Chao model as well as its modified versions (Weightman & Amis 1982) do not
explicitly model the elastic properties of the tendon networks or the physics of interactions
of the different components constituting these networks. Another big drawback of the
An-Chao model is that it assumes a fixed distribution of tendon tensions in the different
components with changes in posture. But cadaveric studies have shown that the geometry
of the bands as well as the force distribution through them, change significantly with
posture (Garcia-Elias, An, Berglund, Linscheid, Cooney lii & Chao 1991, Sarrafian et al.
1970, Micks & Reswick 1981). The models inferred here give insight on how the geometry
and force distribution changes in the different finger postures.

The inferred models had a fingertip direction error of 10-25 degrees (in the sagittal
plane). While this may seem a like a large error, one should keep in mind that fingertip
force output is very sensitive to measurement in joint angles (Goehler & Murray 2010)
as has been demonstrated using the Monte Carlo analysis. Hence models with very low
errors (lower than the 14.5 degree error bound) in fingertip force direction would be
overfitting to these measurement errors. Uniform scaling of the entire model would lead
to a reduction in the magnitude error considering that the transformation from joint

torques to fingertip force is linear when the posture is fixed.
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While the An-Chao model is a simple mathematical representation and very easy to
implement computationally, the finite element simulator described here is more mathe-
matically involved. Chapter 7 gives details on the implementation of this model. Also,
while it is more complex than the An-Chao model, it is much simpler and faster than
detailed finite element models used to describe cartilage-ligament-joint mechanics in mus-
culoskeletal systems (Huiskes & Chao 1983).

A small error in the measurement of joint angles and segment lengths leads to a large
deviation in fingertip force vector output. This is primarily caused by the nonlinear
Jacobian matrix transforming joint angle velocities to fingertip velocities (Valero-Cuevas
2009). Hence, it is extremely important to be able to measure these properties accurately
during experimentation. However, some error is unavoidable considering that we are
modeling the biomechanical system using simple engineering joints and the joint angle and
segment length measurements are made in the presence of fat and skin. These fingertip
force vector errors produced by errors in posture and segment length measurements define
the limit on how accurately the tendon network topology and parameters can be identified.
Any network obtained using the inference algorithm with fingertip force magnitude and
direction errors lower than this limit are potential solutions for the problem. This results
in a problem of non-uniqueness that is different from the one discussed in (Valero-Cuevas,
Anand, Saxena & Lipson 2007). We describe the different forms of non-uniqueness in
more detail in Chapter 9. This experimental uncertainty bound has other implications
in addition to biomechanical model inference. This raises interesting questions from a
neuromuscular control perspective. Small deviations in estimates of joint angles and finger

segment lengths would result in a fingertip direction error of up to 15 degrees which is
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larger than the friction cone angle for many surfaces. Hence a very accurate estimate
of joint angles and segment lengths would be needed by the nervous system to be able
to grasp such a surface. Also, one needs to keep in mind that these sensitivities of the
Jacobian are true only if we assume engineering hinge like joints for the index finger. It
is possible that the deviation from engineering joints could make the system much more
robust to errors in posture and segment lengths.

We observed that multiple sets of topologies and parameter values give similar fin-
gertip force vector at the end point. In other words multiple solutions exist that do the
same functional mapping from inputs to outputs. This could mean that the specific set
of topology and parameters observed in the real system could be due to evolutionary
reasons or for goals not related to fingertip force production (Eg. joint protection, etc.).

In this study, we used a set of experimental data points that had been obtained
prior to the inference. Even in this setup the estimation-exploration algorithm has the
computational advantage of using fewer data points and has been shown in an earlier study
(Valero-Cuevas, Anand, Saxena & Lipson 2007), to produce more accurate solutions than
using randomly generated tests. However, the ultimate goal of using this algorithm would
be to run the inference in real-time and only perform those experiments on the cadaveric
specimen as suggested by the exploration phase. Thus the damage to the specimen can
be minimized through intelligent testing.

While most musculoskeletal models are based on a one-kind fits all approach where a
generic model is developed based on cadaveric studies and the model is uniformly scaled
to fit different subjects (Eg. (An et al. 1979)), the idea of subject-specific modeling where

data from individual specimens is used to develop personalized musculoskeletal models
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is gaining ground. This has been spearheaded by advances in magnetic resonance and
ultrasound imaging (Blemker et al. 2007). In these cases it is very important to have
computational methods to infer accurate subject-specific representations of the system
being modeled. The method presented here based on the estimation exploration algorithm
would enable the inference of accurate subject-specific models with minimum number of
experimental data points.

While in this chapter, we have demonstrated the inference of functional models of the
extensor mechanism of the index finger, this novel method of inference through intelligent
testing can be applied to the inference of functional models of other musculoskeletal

models in the body as well.

8.6 Appendix: Inference of networks in simulation

Fig. 8.6 demonstrates the inference of the topology and parameter values of an elastic
tendon network draped on a hemisphere from simulated data generated using a target
network. This was a test of concept to see if we can accurately infer a 3D network
draped on a solid directly from input-output data. In simulation, with no noise, our
optimization algorithm based on Stochastic Hill Climbing with Learning by Vectors of
Normal Distributions (Rudlof & Képpen 1996) was able to uniquely identify the network
directly from the input-output data with no knowledge about the physical connectivity

of the network or the positions of the nodes.
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Figure 8.6: Inference of network topology and parameter values in simulation. A
Markov-Chain Monte Carlo based optimization was able to successfully infer topology
and parameters of an elastic tendon network draped on a hemisphere, in simulation.
i. A target network is defined in simulation and an input-output dataset generated
by applying different input tendon tensions and calculating the reaction forces at the
fixed nodes using the tendon network simulator. ii. The inference process begins with
a primordial soup from which can be generated several random instances (iii). iv. The
node locations and topology are optimized in a parallel computing environment till the
fitness error goes below a tolerance limit. v. The inferred network matched the target
network. Hence we were able to successfully infer the network topology and parameters
directly from the input-output data.

146



Acknowledgment

Coauthors Dr. Francisco Valero-Cuevas and Dr. Hod Lipson. Dr. Jason Kutch for
help with the cadaver setup design and implementation. Dr. Srideep Musuvathy, Juan-
Miguel Ramirez-Rocamora and Emily Lawrence for help with the experiments. The
hand surgeons, Dr. Vincent Hentz, Dr. Caroline Leclercq, Dr. Isabella Fassola and Dr.
Nina Lightdale for doing the cadaver dissections. Dr. Jae Woong Yi for building the
cadaver actuation setup. NSF Grants EFRI-COPN 0836042 and NIH Grants AR050520
and AR052345 to FVC. Professor Anupam Saxena for helpful discussions on the finite

element method.

147



Chapter 9

Discussion: Challenges in the inference of computational

models of tendon networks.

In this chapter, we will be discussing some of the challenges faced and lessons learned
during the process of inference of computational models of biomechanical systems. Future

work in this area would need to consider these issues.

9.1 Measurement of joint angles

Measurement of joint angles in the human finger is a challenging task considering that
biological joints are not the same as the engineering joints that we use to model them,
the exact locations of the joints are hard to determine, and there are skin deformations
displacing the reflective markers used to determine the joint angles. In the cadaveric
index finger, this was particularly true for the MCP joint and the measurement of the
ad-abduction angle. While new techniques based on probabilistic inference have been
suggested in the literature (Todorov 2007), we had little success in implementing them

with data from the cadaveric finger. There is definitely a need to model musculoskeletal

148


Manish Kurse
New Chapter : Discussion and Challenges


joints more accurately and for algorithms that can be used to infer joint angles from

motion-capture data.

9.2 Unobservability and non-uniqueness

There exists the problem of unobservability as well as non uniqueness when it comes
to elastic networks like the tendon networks described in this dissertation. What is
specifically being referred to here is the fact that it is not possible to determine all the
hidden states of the system simply from the measured inputs and outputs. In the case
of the tendon networks of the fingers, the inputs and outputs measured were the tendon
tensions applied to the FPI, LUM and EDC/EIP and the output was the fingertip force
vector. The hidden states of the system are the existence of the nodes and elements of
the finite element representation of the extensor mechanism and the positions of these
entities. This issue of unobservability can also be flipped around and termed as an
issue of non-uniqueness; i.e. multiple topologies and parameter values, i.e. elements
and node combinations exist that result in the same input-output transformation. This
issue exists at multiple levels. One is inherent in the network topology and parameters
itself as is demonstrated in Fig. 9.1 in 2-dimensional elastic networks (Valero-Cuevas,
Anand, Saxena & Lipson 2007). The other level of unobservability /non-uniqueness exists
when working with experimental data like the data from the cadaveric specimen that was
described in the previous chapter. The latter arises due to the mismatch between the
model and the experimental system mostly occurring due to experimental measurement

uncertainties which will be discussed in more detail in section 9.3. This mismatch sets
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a limit on how accurately a system can be identified. A model that is inferred from a
set of experimental measurements can only have errors as large as this limit. Smaller
errors simply mean that the model is over fitting to the experimental data. Hence two
different networks with different topologies and parameter values could in simulation give
rise to different outputs for the same inputs and would hence be uniquely identifiable.
However, if the difference in the outputs of these two networks is within the limit set
by the model-experimental data mismatch, then they would never be uniquely identified
from experimental data.

For example, consider network A in Fig 9.2. This is the model of the true latex
network that was used to collect an experimental dataset consisting of tendon tension
inputs and reaction force outputs (See Chapter 7 for more details). The error between
the experimental measurements and the predictions of this model is 11.5 %. This is the
model-experimental data mismatch that sets the limit on how accurately a model of this
network can be inferred from the experimental data. Network B in Fig 9.2 could result
in different outputs for the same inputs when compared with network A in simulation.
However when tested with the experimental data obtained (whose true model is network
A), the error between model predictions and experimental measurements is 10.95% which
is less than the limit set by the model-experimental data mismatch. Hence network A can
never be uniquely inferred from experimental data. There will be network B and other
networks which will all have errors within the limit and hence be equally good solutions

to the inference problem.
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Figure 9.1: Demonstration of the problem of unobservability /non-uniqueness in elastic
tendon networks in two dimensions (Valero-Cuevas, Anand, Saxena & Lipson 2007).

i. Network A i. Network B

Figure 9.2: Unobservability /Non-uniqueness issue when dealing with experimental data
from elastic networks draped on solids, in 3 dimensions. Networks that give rise to
outputs whose errors lie within specific limits determined by model-experimental data-
mismatch cannot be distinguished from each other. In this figure, network A is the true
model of the latex network used in the experiment described in Chapter 7. However,
network B also has similar errors as network A when tested against experimental data.
Hence network A cannot be uniquely inferred from the experimental data.

151



9.3 Model-Experimental data mismatch due to uncertainties

in experimental measurements

There are several factors that lead to mismatch between model predictions and the ex-
perimental data. One of the main sources of error is the uncertainty in experimental
measurements. This is particularly significant in measurements from biological systems.
Here we will discuss how the measurement of the fingertip force output used in the infer-
ence in Chapter 8 is sensitive to the measurement of joint angles and segment lengths.
Deviations in measurement of the joint angles and the segment lengths results in model-
experimental data mismatch in two ways: i. Transformation of forces from the sensor
coordination system to the finger coordination system. ii. The model not accurately

representing the system posture and segment lengths.

9.3.1 Transformation from the force sensor coordination system to the

finger coordination system

The fingertip force vectors used in the inference in Chapter 8 are in the finger coordinate
system that need to be transformed from the coordinate system of the force sensor used
in the experiments (See Fig. 8.1). This transformation is done through four rotation
matrices (one for each degree-of-freedom) that rotate the force vector from the fingertip
to the base of the finger. Errors in joint posture measurement result in errors in the
rotation matrix and hence the fingertip force vector. Fig. 9.3 shows the results of a
simple Monte Carlo simulation to test deviations in fingertip force vector for deviations

in +5 degrees in joint angle measurements for each of the four joint angles and +5%
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deviation in segment lengths of the index finger. We observed that this resulted in an
error of about 12 degrees in fingertip force direction. This transformation error does not
affect the fingertip force magnitude because the rotation matrices only rotate the force

vector without altering the force magnitude.
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Figure 9.3: Errors in fingertip force vector arising from coordinate transformation from
force sensor to finger.

9.3.2 Effect of inaccuracies in model posture and segment lengths

Since the measured joint angles and segment lengths are replicated in the tendon network
simulator, any errors in joint angle and segment length measurements would imply that
the model is not an accurate representation of the experimental system. A recent study
by Goehler and Murray (Goehler & Murray 2010) demonstrates that small deviations in
these measurements can lead to large variations in fingertip force output. We performed
a Monte Carlo simulation where we perturbed the four joint angles representing the

posture of the finger by +5 degrees and the segment lengths by +5%, keeping the network
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topology and parameter values the same in the tendon network simulator, and observed
the deviation in fingertip force vector direction and magnitude. Fig. 9.4 shows the
results. The large deviations in force magnitude and direction demonstrate that the
model is highly sensitive to these kinematic parameters. In addition to the issue of non-
uniqueness/unobservability that was discussed in the previous section, these results have
implications on neuromuscular control. Since a 15-20 degree deviation in fingertip force
vector is larger that the friction cone angle for many surfaces, an inaccurate estimate of
the joint angles and segment lengths by the nervous system could result in an object being
dropped. But this rarely happens and hence raises the question on how the nervous system
bypasses this issue. It is also possible that the engineering joints we use to represent the
degrees of freedom of the finger are not accurate representations of the biological system
in which case the fingertip force vector may not be as sensitive to joint angles and segment

lengths as seen in the above results.

9.4 Ambiguity of the model of the MCP joint

The kinematics of the MCP joint is still not well understood. Hence there is a larger scope
of error of MCP angle measurement. In addition, the orientation of the ad-abduction axis
with respect to the flexion-extension axis has also been debated. See (Valero-Cuevas 1997)
for a description on different models of the MCP joint. Here, we performed another Monte
Carlo simulation to see how changing the angle between the MCP flexion-extension and
ad-abduction joint axes affected fingertip force vector (Fig. 9.5). We perturbed this

angle between 70 and 100 degrees and observed that the fingertip force vector magnitude
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Figure 9.4: Errors in fingertip force vector arising due to model being an inaccurate rep-
resentation of the experimental system. A Monte Carlo analysis shows there is an error
of 25-50 % in fingertip force magnitude and around 15 degrees in force direction arising
from a +5% perturbation in segment lengths and +5 degrees in joint posture. This
demonstrates how sensitive the fingertip force vector is to these kinematic parameters.

and direction are very sensitive to this parameter. Hence, there is a need to accurately
characterize the kinematic nature of the MCP joint and the orientation of the MCP joint

axes.

9.5 Stiffness of the tendon network

Unlike muscles, tendons have low compliance. The extensor mechanism is a network of
very stiff collagenous strings that stretch very little. For all the elements of this network
to transmit force upon loading, they need to be connected in a very specific manner
with accurately determined lengths. Otherwise, there is a high chance that part of the
network would go slack and hence not contribute to force transmission. It would also be

interesting to compare the string like representation used in this dissertation to model
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Figure 9.5: Sensitivity of fingertip force vector to changes in angle between MCP flexion-
extension and ad-abduction axes. The nature of the MCP joint is not clearly under-
stood. A Monte Carlo simulation where the angle between the MCP flexion-extension
and the MCP ad-abduction axes was perturbed between 70 and 100 degrees resulted
in large fingertip force output deviations thus demonstrating that the fingertip force
vector is very sensitive to this angle parameter.

the collagenous network of the extensor mechanism, against a sheet like representation.
It is possible that the existence of a large number of fibers in the sheet introduces a

redundancy that allows slackening of some fibers and still allow force transmission.

9.6 Implementation in the clinic

The ultimate goal would be to apply the computational techniques described in this disser-
tation to infer accurate subject-specific models of tendon networks in patients with tendon
injury as well as those with nerve palsies, in the clinic. The main challenge to achieve this
goal is the measurement of forces exerted by the muscles on the tendon networks (or alter-
natively, the tendon excursions produced by muscle contraction/stretching). Currently,

there is no way to infer these quantities accurately in live subjects. While electromyogram
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is useful to determine when a particular muscle or group of muscles is on or off, its relation
to muscle force or muscle displacement is not understood(Inman et al. 1952, Disselhorst-
Klug et al. 2009). However, recent technological advances particularly in imaging show
promise that we could, in the near future, be able to measure musculotendon movements
in real-time in live subjects (Blemker et al. 2007). In addition to this, there have also
been studies to infer muscle forces using fluctuations in endpoint force (Kutch, Kuo &
Rymer 2010). Until the technology is available, we will have to settle with generalizable
models that capture behavior across a population. However, it is possible that there ex-
ists a finite number of ‘types’ or ‘classes’ of tendon networks that exist in the population.
This has been shown to be the case with respect to human thumb models as described
in (Santos & Valero-Cuevas 2006). Such classes of tendon networks could be identified
from testing of multiple cadaveric specimens using the inference methods described in

this dissertation.
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Chapter 10

Conclusions and Future Work

In this dissertation, we have presented novel methods for the computational modeling of
musculoskeletal systems. These methods are based on the inference of accurate models
of these systems from sparse experimental data. Using the complex tendon networks of
the human fingers as an example, we have demonstrated the development of two kinds of
computational models — analytical models consisting of functions mapping joint angles
to tendon excursions, and physics-based models capturing the interactions of a network
of elastic tendons with the bones of the fingers. We have implemented a novel inference
technique based on symbolic regression to infer mathematical forms and parameter val-
ues of tendon routing in musculoskeletal systems. We showed that the functions inferred
using this method are more accurate, require fewer training data points, have fewer pa-
rameters, are more robust to noise, and can extrapolate better than polynomial regression
models, the state of the art in musculoskeletal modeling. We applied this technique to
learn analytical models modeling the tendon excursions of the human index finger and
showed that these functions are more accurate than Landsmeer-based models or poly-

nomial regressions whether our goal is to obtain subject-specific models or models that

158



generalize across specimens. We successfully controlled a human cadaveric index finger
to produce a slow tapping motion for the first time ever (to the best of our knowledge)
and learned that a spring-based ‘muscle-like’ control was more effective in producing slow
finger motions than simple force or position control. We demonstrated that the finger
has neutral equilibrium in a specific range of postures when the input tendon tensions are
in(or close to) the null space of the moment arm matrix of the finger in those postures.
Stable equilibrium was observed in other postures. We developed a novel finite element
method based tendon network simulator to simulate the interactions of elastic tendon
networks with arbitrarily shaped solids and used this to study the sensitivity of fingertip
force magnitude and direction to the elastic properties and topology of the extensor mech-
anism. We concluded that the output is most sensitive to the resting lengths of the fibers
and the topology of the structure. We then implemented a novel inference algorithm to
infer the three dimensional network structure of the extensor mechanism of the fingers
from minimal experimental data through intelligent testing. The models of the extensor
mechanism inferred more accurately matched with experimental data compared to the
An-Chao normative model used extensively in the literature.

The computational methods developed in this dissertation are a combination of tech-
niques in biomechanics, machine learning and electromechanical experimentation. They
can be used for the inference of accurate models of different musculoskeletal systems in
the body. Analytical models are critical for dynamical simulations especially for control.
The analytical models for the index finger presented here are currently being used as
a representation of the biomechanics of the ‘plant’ to test theories of motor control in

human manipulation. More work needs to be done to see how the nervous system could
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be using the neutral equilibrium in the fingers observed here and its implications on our
understanding of grasp and manipulation. The tendon network environment developed
here can be a useful tool for clinical research to understand how damage or injury to
the network can affect fingertip force production. The inference of the three dimensional
structure of the finger model demonstrated in this dissertation is a step towards the in-
ference of subject specific models of musculoskeletal systems. Combining it with real
time magnetic resonance or ultrasound imaging could in the future enable development
of individualized models of these systems and to study specific changes on damage or

repair.
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