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ABSTRACT

A new type of wearable sensor for detecting fingertip touch force and finger posture is presented.
Unlike traditional electronic gloves, in which sensors are embedded along the finger and on the
fingerpads, this new device does not constrict finger motion and allows the fingers to directly
contact the environment without obstructing the human’s natural haptic senses. The fingertip
touch force and finger posture are detected by measuring changes in the coloration of the
fingernail; hence, the sensor is mounted on the fingernail and does not interfere with bending or
touching actions. Specifically, the fingernail is instrumented with miniature light emitting diodes
(LEDs) and photodetectors in order to measure changes in the reflection intensity when the
fingertip is pressed against a surface or when the finger is bent. The changes in intensity are then
used to determine changes in the blood volume under the fingernail, a technique termed
“reflectance photoplethysmography.” By arranging the LEDs and photodetectors in a spatial
array, the two-dimensional pattern of blood volume can be measured and used to predict the
touch force and posture.

This thesis first underscores the role of the fingernail sensor as a means of indirectly detecting
fingertip touch force and finger posture by measuring the internal state of the finger. Desired
functionality and principles of photoplethysmography are used to create a set of design goals and
guidelines for such a sensor. A working miniaturized prototype nail sensor is designed, built,
tested, and analyzed. Based on fingertip anatomy and photographic evidence, mechanical and
hemodynamic models are created in order to understand the mechanism of the blood volume
change at multiple locations within the fingernail bed. These models are verified through
experiment and simulation. Next, data-driven, mathematical models or filters are designed to
comprehensively predict normal touching forces, shear touching forces, and finger bending
based on readings from the sensor. A method to experimentally calibrate the filters is designed,
implemented, and validated. Using these filters, the sensors are capable of predicting forces to
within 0.5 N RMS error and posture angle to within 10 degrees RMS error. Performances of the
filters are analyzed, compared, and used to suggest design guidelines for the next generation of
sensors. Finally, applications to human-machine interface are discussed and tested, and potential
impacts of this work on the fields of virtual reality and robotics are proposed.

Thesis Supervisor: H. Harry Asada
Title: Ford Professor of Mechanical Engineering
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INDEX OF TERMS

General Terms

Fy lateral shear force

F, longitudinal shear force

F, normal touch force

5 angle of MP (metacarpal phalangeal joint)
1,0 angle of PIP (proximal interphalangeal joint)
I3 angle of DIP (distal interphalangeal joint)
P, P, ... Pg photodiode outputs

Ox pitch angle relative to contact surface

oy roll angle relative to contact surface

Terms for Lumped-Parameter Hemodynamic Model (LPHM)

A absorption

A(x), B(x) state-space matrices for LPHM

Acty Acs (proximal, distal) capillary wall surface areas

Ay venous wall surface area

bei, bez (proximal, distal) capillary wall damping

Bj components of input matrix B(x)

by venous wall damping

C concentration

De¢y, De; (proximal, distal) nominal capillary diameters

Dy nominal venous diameter

Ln input light intensity

Tout output light intensity

ket koo (proximal, distal) capillary wall stiffnesses

ky venous wall stiffness

L path length

Lcy, Lo (proximal, distal) capillary lengths

Ly length of veins in distal fingertip

mey, Mc) (proximal, distal) capillary wall and blood inertia
my venous wall and blood inertia

Nc1, New (proximal, distal) numbers of capillaries in nail bed
Ny number of small veins in fingertip

Pei, Pes (proximal, distal) capillary blood pressures (gage)
Pr external pressure at proximal palmar surface of fingertip
Pr, external pressure at distal palmar surface of fingertip
Py upstream blood pressure (gage)

Py downstream blood pressure (gage)

Pv venous blood pressure (gage)

Ra1s Raz (proximal, distal) lumped capillary fluidic resistances (on the arterial side)
R;; effective dynamic resistances

Rrotal total fluidic resistance in distal fingertip

Ry lumped venous fluidic resistance

Rvi, Ryz lumped venule fluidic resistances

u inputs for LPHM

Vo, Voi photodiode bias/offset parameters

Vi, Vi photodiode scaling parameters

VBiood volume of blood in nail bed




Ve, Vi

(proximal, distal) photodiode outputs

VTissue volume of tissue in nail bed

X state variables for LPHM

Xcls Xc2 (proximal, distal) capillary wall displacements (effective changes in diameters)
Xy venous wall displacement (effective change in diameter)

o compound parameter in optical model

g, e(A) absorption coefficient

A wavelength

Ugiood blood viscosity

T, T (proximal, distal) time constants for dynamic response of sensor
Terms for Predictor

a constant

br 3x1 vector of biases for neural network hidden layer

bu Nx1 vector of biases for neural network output layer

f percent rate of change of force

I circling frequency

fs spiraling frequency

F 3x1 vector of touch force predictions

F, 3x1 vector of force offsets

Foin normal force threshold

F, shear force (radial component of total force, relative to z-axis)
| maximum normal force

Jr 3x8 force Jacobian

Je 1x8 bending angle Jacobian

n number of data samples

N number of hidden nodes

P 8x1 vector of photodetector outputs

P, 44x1 vector of photodetector outputs with quadratic terms

t time

T total calibration time

Y generic regression model output

Yr output of touch force model

Y, output of bending model

Wy 3xN weight matrix for outputs of neural network hidden layer
Wp Nx8 weight matrix for outputs of neural network input layer
VA generic regression model input

Zp regression input: n samples (columns) of P or Pg

B generic least squares solution

€ residual error

&r touch force residual

£ bending residual

0 bending angle prediction

0 bending angle offset

O Touch constant bending angle assumed when touching occurs

v coefficient of friction

Tinax time constant of dominant mode
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1. INTRODUCTION

1.1. Utility of Finger Force and Posture Measurement

There is an increasing need for measuring both finger posture and forces acting between
human hands and the environment. Finger posture, which is usually measured by wearing
electronic gloves, is increasingly used in the robotics and virtual reality communities for a
variety of human-machine interactions (Sturman and Zeltzer, 1994). Applications include the
pursuit of natural interfaces, interactions with virtual environments (Buss and Hashimoto, 1994),
systems for understanding signed languages (Kramer and Leifer, 1989; Fels and Hinton, 1995),
teleoperation and robotic control (Hong and Tan, 1989; Pao and Speeter, 1989), robotic teaching
(Kang and Ikeuchi, 1994; Tung and Kak, 1995), computer-based puppetry, and musical

performance.

Forces acting at the fingertip are usually measured by placing force-sensing pads at the
fingertips. These pads have often been placed in electronic gloves in order to monitor human
behavior during manipulation. Fingertip forces are critically important for understanding human
manipulation and grasping (McCarragher, 1994; Sato, et al., 1996; Nakazawa, et al., 1996;
Shimizu, et al., 1996; Peine and Howe, 1997). They are also useful for acquiring skills to train
robots (Kim and Inooka, 1994), monitoring human behavior (Castro and Cliquet, 1997), and
understanding human intentions for teleoperation of robots and human-machine interaction
(Yun, et al., 1997; Mascaro and Asada, 1998; Nagata, et al., 1998). In addition to normal
touching forces, shear forces, or sliding forces in the plane of the contacting surface, play an
important role in human sensing and manipulation of objects (Han, et al., 1996; Howe and
Cutkosky, 1989; Zee, et al., 1997). Several researchers have investigated the force response of
the human fingerpad (Pawluk and Howe, 1999; Serina, et al., 1997; Gulati and Srinivasan, 1995).
In addition to a better understanding of human manipulation and grasping, resulting analyses
lead to better characterizations of the human haptic sense, ergonomic design criteria (Rempel, et

al., 1994), and performance criteria for haptic feedback devices (Singh and Fearing, 1998).
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1.2. Traditional Methods of Finger Force and Posture Measurement
Electronic glove devices were first introduced beginning in the late 1970°s and have
slowly developed into a useful and reliable means for measuring finger joint positions for a wide
variety of applications. Sturman and Zeltzer (1994) give a comprehensive survey of glove
technology from its conception to the most recent state-of-the-art developments. Kalawsky
(1993) provides a more technical description of various glove devices and explains the physical

principles behind the different types of sensors used in each glove.

Figure 1: Electronic Glove
The glove shown here is a CyberGlove from Immersion Corporation (formerly
Virtual Technologies).

One of the earliest electronic gloves was developed by DeFanti and Sandin (1977) and
determined finger bend by measuring light attenuation through flexible tubes along the fingers.
The MIT LED glove was developed a few years later and used cameras to track motion of LEDs
embedded all over the glove (Ginsberg and Maxwell, 1983). The popular DataGlove was
developed by Zimmerman (1987) and measures light attenuation through optical fibers along the
fingers. The Exos Dexterous HandMaster (DHM) is an exoskeleton device worn on the fingers
and hand, which uses Hall-effect sensors to measure the bending of the three joints of each finger
as well as abduction of the fingers and thumb. The CyberGlove developed by Kramer (1989) and
shown in Figure 1 uses thin foil strain gauges sown into the cloth to sense finger and wrist
bending and abduction with up to 22 degrees of freedom. The DataGlove, DHM, and
CyberGlove can all be fitted with a magnetic tracker from Polhemus or Ascension Technologies
to measure 3-D position and orientation of the hand or wrist. The trackers are accurate to 0.1

inch/0.1 degrees but are distorted in the presence of ferrous metals. Optical and acoustic trackers
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have also been used to provide 3-D position and orientation, however they suffer from line-of-

sight limitations.

Electronic gloves are often augmented in order to measure touch forces in addition to
posture. This is traditionally accomplished by embedding force-sensing pads at the fingertips
(Shimizu, et al., 1996; Mascaro and Asada, 1998; Castro and Cliquet, 1997). A wide variety of
such pads have been developed in the past for applications in robotics and medicine (Webster,
1988), using resistive, capacitive, piezoelectric, or optical elements to detect normal touch force.
Shear forces, however, are very difficult to measure by placing sensors on the finger; thus such
sensors have yet to be incorporated into electronic gloves. For robotic hands, several clever
designs of shear force sensors have been presented. Howe and Cutkosky (1993) developed a
superior shear force tactile sensor for detecting slip and surface texture. Novak (1989) proposed
a shear force sensor design using a capacitive sensor array. Unfortunately these shear force
sensors are bulky and must be placed between the fingertip and the environment in a manner that

blocks the human sense of touch, and are thus unsuitable for measuring human finger forces.

A critical problem with traditional electronic gloves and force sensors in general is that
they cover the fingers, blocking the natural human touch or haptic sense as well as restricting the
natural bending motion of the fingers. Recently, much research has focused on reducing this
problem by inventing thinner and more flexible force sensing pads (Beebe, et al., 1998; Jensen,
et al., 1991; Liu, et al., 1998). However, as long as some thickness of material is placed between
the finger and the environment surface, the human’s haptic sense will inevitably be limited.
Finger posture can be measured without restricting motion of the fingers by using video-tracking
techniques; however this method of measurement is inherently limited by line-of-sight and

computational requirements.

1.3. Proposal and Overview

In this thesis, a new approach to the detection of both fingertip forces and finger posture
is be developed that completely eliminates any impediment to the natural haptic sense or finger
motion. Namely, the forces and posture are be measured without having to cover the finger with
a glove or place any sensor pad between the finger skin and the environment surface. Instead, the

forces and posture are detected by measuring the response of the internal state of the finger to
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force and bending stimuli. This provides the freedom to use non-collocated sensors, which are
placed not on the finger surfaces where the touch forces occur or the posture is manifested, but
rather on non-interfering locations such as the fingernail surface. One way to do this is to
measure the coloration, or pattern of blood volume, beneath the fingernail, which changes in
response to touch forces and finger bending. Miniaturized optical components and circuitry
allow the sensor to be confined to the fingernail surface and disguised as a decorative fingernail
covering. This allows the human to flex the fingers and touch the environment with bare fingers

and perform fine, delicate tasks using the full range of haptic sense and finger motion.

First, in Chapter 2, this thesis describes a unified methodology for indirectly measuring
external fingertip forces and finger posture by measuring the internal state of the fingertip.
Alternative concepts for applying this methodology are proposed and narrowed down to the
choice of photo-reflective plethysmograph fingernail sensors. The basic principles and
construction of the sensors are then discussed. In Chapter 3, functional goals for the sensor are
specified. Prototype fingernail sensors are then designed, and an experimental platform is
developed in order to test their ability to measure both forces and posture. Experimental evidence
using the prototype sensors is presented to demonstrate that normal forces, shear forces, and
finger posture can all be detected and distinguished from each other. In Chapter 4, the relevant
anatomy and physiology of the fingertip is explored and used along with experimental
photographic evidence to formulate a unified model that explains the mechanism by which the
internal state of the fingertip is affected by normal forces, shear forces, and change in posture.
Then, a more specific, physically-based, lumped-parameter, mechanical/hemodynamic model of
the fingertip is created to explain the reddening and whitening behavior of the nail bed. The
model is simulated and compared to experimental static and dynamic measurements for several
human subjects. In Chapter 5, a method for calibrating the sensors to individual users is
developed and tested. Black-box models are created and calibrated using experimental data from
the human subjects. The models are then used to estimate normal force, shear forces, and finger
posture based on sensor measurements. Performances of the models are compared and analyzed.
Results of the analysis are used to suggest improvements for the design of the next generation of
sensors. In Chapter 6, potential applications of the sensor are discussed and tested. Finally, in
Chapter 7, the contributions of this thesis are summarized and future directions for research are

proposed.
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2. MEASUREMENT PRINCIPLE

2.1. Direct vs. Indirect Sensing

Traditional methods of sensing finger posture and fingertip touch forces can be generally
characterized by their reliance on direct measurements of the external variables of the finger. For
example, electronic gloves traditionally measure the finger posture by bend sensors that directly
measure the profile of the external surface of the finger. Similarly, touch forces are traditionally
measured by force-sensing pads that directly measure the forces acting upon the external surface
of the fingertip. In these cases, the sensors are naturally collocated with the variables of interest,
as demonstrated by Figure 2. The sensor that measures external touch force is placed on the
fingertip surface where this force is applied. The sensor that measures the profile of the finger is

placed along the finger surface, as outlined in the figure.

/Lzosture Angles

Normal and Shear
Touch Forces

Figure 2: Finger Variables of Interest
Normal touch force, shear touch forces, and angles of the three finger joints are
to be measured. Traditionally, sensors are placed along the surfaces depicted.

Although such direct sensors are an obvious solution for measuring the variables of
interest, they have some inherent problems. First, the surfaces associated with the variables of
interest cover a large portion of the finger as shown in Figure 2. These surfaces have sensitive
nerves and covering them degrades the human’s haptic sense, limiting the ability of the human to
interact with the real environment. Second, these surfaces are comprised mostly of compliant
skin. As a result, attaching sensors is difficult, inevitably restricts the motion of the finger, and

causes discomfort.
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The alternative to direct sensing is indirect sensing. In this case, the variables of interest
are somehow measured by sensors that are located elsewhere from the surfaces where they
occur. The indirect sensor would not need to be worn over the sensitive area of the fingertip or
all along the finger profile. Thus it would have the advantage of preserving the human’s natural
haptic sense and the natural ease and comfort of finger motion. Therefore, the drawbacks of

direct sensing could be overcome.

Traditional Direct Approach to Sensing

Force and haptic interaction is
Posture limited and/or altered

Direct Finger

Environment £ i
Sensor Surface

Estimates of
Force and Model
Posture

Indirect
full haptic interaction Sehsor

is restored

Direct Finger Internal
Sensor Surface States

Environment

Figure 3: Direct vs. Indirect Sensing
Direct sensors interfere with the finger surfaces where the variables of interest
are measured. Indirect sensors avoid interference by remotely measuring the
internal states of the finger and using a model to predict the variables of interest.

In order for indirect sensing to work, the variables of interest must first be related to
some internal states of the finger. Secondly, the non-collocated sensors must be capable of either
measuring these internal states directly, or measuring some other external variables that are
connected to the same internal states. Figure 3 demonstrates the difference between collocated
and non-collocated sensors. The collocated sensors interact bi-directionally with the variables of
interest and affect how those variables respond to environmental stimuli such as externally
applied forces. The non-collocated sensors can be designed and placed so as to measure the

internal states without affecting their dynamics or their response to environmental stimuli.
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2.2. Alternatives for Indirect Sensing

The first step in designing non-collocated sensors for measurement of finger posture and
fingertip force is to investigate how the internal states of the finger are affected by changes in
posture and externally applied forces. When a force is applied to the fingertip, there are several
relevant changes that take place within the finger. First, the mechanical strains and stresses
within the fingertip tissue are affected. Second, the tension in the finger tendons changes in order
to balance the external force, requiring a change in the myoelectric signals that control the
muscles in the forearm which pull on the tendons. Third, the blood flow or hemodynamics of the
finger is affected. Fourth, the nerve receptors in the pulp of the fingertip and the tendons are

affected. All of these internal states are affected by changes in finger posture as well.

Internal State Method of Measurement | Location of Measurement
Stress and Strain in Tissue Strain Gage Skin or Fingernail Surface
Tension in Finger Tendons Myoelectric Sensors Muscles in Forearm

Nerve Response 7?7

Figure 4: Sensing Alternatives
Four methods of indirect measurement are identified. The method of choice is
blood volume measurement using photoplethysmograph on the fingernail.

The next step is to address how these internal states can be measured, and the feasibility

thereof. Figure 4 summarizes the following possibilities:

1. Stress/strain within the fingertip can be measured by attaching strain gages to the surface of
the finger and perhaps the fingernail as well. To date, no known efforts have been undertaken

to perform such measurement.

2. Although tendon tension cannot be directly measured in a non-invasive manner, the
myoelectric signals can be measured by affixing electrodes to the skin near the muscles in the
hand and forearm. Even so, the muscles are stacked on top of each other, making it difficult

to get reliable non-invasive measurements of specific muscle activity (Long, 1981).
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Furthermore, the tendons from different muscles are interconnected, making it difficult to

relate the forces in the muscles to the forces in the fingertip.

3. The blood volume in the finger can be measured either optically, by shining light through the
finger, or electrically, by measuring the impedance across the finger. Both are established
techniques for measuring the pulse rate, but have not until now been tried for detecting finger

forces and posture.

4. There is currently no practical method for measuring the nervous response. The hand is
richly innervated with 17,000 tactile units supplying the glabrous (hairless) skin of the hand
and consisting of four principle types of mechanoreceptors, each having a different haptic
response and functionality (Vallbo and Johansson, 1984). Furthermore, the receptors are all
connected to the central nervous systems via a complex network of sensory paths
(Rabischong, 1981). Recently, brain signals of primates relating to tactile sense and arm
motion have been measured (Nicolelis, et al., 1998; Wessberg, et al., 2000), but such

methods are invasive and are not appropriate for human subjects.

Although strain gages, myeolectric sensors, and optical and electrical “plethysmographs”
(blood volume sensors) may all be viable approaches, it is beyond the scope of this project to
study more than one. For reasons of novelty and a few key advantages, this thesis focuses on
using optical blood volume or “photoplethysmograph” sensors for measurement of fingertip
touch forces and finger posture. These sensors are particularly advantageous because they can be
placed on the human fingernail. The rigidity and insensitivity of the fingernail make it an ideal
surface for attachment of a sensor, while the transparency of the fingernail and the anatomy
beneath it make it a unique window into the hemodynamics of the finger. Changes in blood
volume beneath the fingernail are easily visible to the naked eye as changes in the color pattern

of the fingernail.

2.3. Fingernail Color Changes

As the human fingertip is pressed down on a surface with increasing force, the blood flow

through the fingertip is affected, and a sequence of color changes is observed through the
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fingernail. In fact, the color change is characteristically non-uniform across the nail, resulting in

distinct patterns of color change for different types of forces.

a) Normal Touch Force

Figure 5 shows the typical sequence of noticeable color changes with increasing normal
force. As the touch force is first increased, the veins in the fingertip are collapsed, causing blood
to pool up in the capillaries beneath the nail, resulting in the reddening effect. As the force
continues to increase, the force propagates around the bone, collapsing the capillaries at the tip of
the nail bed, resulting in a white zone at the tip of the nail. A variety of descriptions of the
anatomy and physiology of the fingertip can be found in medical literature. In Chapter 4, the
mechanism of these color changes is discussed in more detail and anatomically based models are
created in order to explain the underlying changes in blood volume.

distal

phalanx lunule nail reddening

e.g. force<03N e.g. 0.3N<force<IN
diminished
red zone red zone
. enlarged
white zone

white zone

e.g. I N<force<4N e.g. force>4N

Figure 5: Fingernail Colors Due to Touching
The figure depicts a typical sequence of fingernail color changes when the
fingerpad is pressed straight down against a flat surface. Red zone indicates
increased blood volume while white zone indicates decreased blood volume.

b) Change in Posture

Normal touch force is not the only action that results in a change in fingernail color.
Alterations in finger posture as well as application of shear force result in different color patterns

than those shown in Figure 5.
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When the posture of the finger is altered, i.e. the joints of the finger are bent or extended,
the color of the finger changes as shown in Figure 6. When the finger is extended, a tension is set
up in the tissues of the nail bed that collapses the capillaries. When the finger is bent, that tension
is relieved and the capillaries fill with blood again. Creasing of the veins during bending may
also contribute to blood pooling up in the capillaries. The color changes shown in Figure 6 are
concentrated near the center of the nail, whereas the color changes due to normal touching occur
particularly towards the tip of the nail. Therefore it should be possible to distinguish between a

touching action and a change in finger posture based on observable changes in fingernail color

patterns.
reddening whitening
Flexion
Figure 6: Fingernail Colors Due to Bending
Fingernail color patterns for flexion and extension of the finger are different
than those for touching.
c) Shear Force

When shear forces are applied to the palmar surface of the fingertip, yet another set of
color patterns result, as shown in Figure 7. If the shear force is applied longitudinally, a tension
in the tissues of the nail bed is set up, resulting in either a broad whitening effect over the center
of the nail or a white band at the tip of the nail, depending on the direction. If the shear force is

applied laterally, tension in the nail bed creates whitening zones that are asymmetrical.

Since the patterns for lateral shear force are distinctly asymmetrical, it should be easy to
distinguish from normal touching and bending. Longitudinal shear forces may present a greater
challenge to distinguish. When the longitudinal shear is applied inward (top right of figure), the
whitening zone is similar to that of bending, but extends all the way to the lateral edges of the

nail. When the longitudinal shear force is applied outward (top left of figure), the whitening zone
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is almost indistinguishable from that of normal touching, making this perhaps the most
challenging force to measure. However, there may be subtle variations in reddening or whitening

that are more visible to optoelectronic sensors than to the naked eye.

Lateral shear forces

Figure 7: Fingernail Colors Due to Shear
When the finger exerts shear forces against a flat surface by sliding the finger in
the directions of the arrows, a variety of red and white zones emerge.

2.4. Measurement of Blood Volume by Photoplethysmography
Capillary blood

LED Photodiode

Pressure &

Figure 8: Sensing Principle
LED and Photodiode can be used to measure the capillary blood volume
underneath the fingernail, which changes with applied pressure. Figure is
adapted from Spence (1982) with permission.

The color patterns described above are directly related to the blood volume in the bed of
tissue underneath the fingernail. The amount of blood in the fingernail bed can be monitored by
shining light into the fingernail and measuring the intensity of reflected light, a technique termed
“reflectance photoplethysmography.” In the past, skin reflectance photoplethysmography has

been performed to measure both blood volume (Higgins and Fronek, 1985) and oxygenation
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(Mendelson and Ochs, 1988) by placing a light source and photodetector on the skin. In order to
measure blood volume under the nail, arrays of light emitting diodes and photodetectors can be

placed on the nail as shown in Figure 8.

Figure 9 shows a basic construction of the photoplethysmograph circuitry. An LED
illuminates the nail bed with light, while a photodiode is mounted nearby and detects the
reflected light from the nail bed. When the volume of blood under the fingernail increases, more
light is absorbed, less light is reflected, and the output voltage of the photodiode circuit, |Vl

decreases.

Transmitted
Light Reflected

/( Light

v R2

R1

Photodiode —
LED \/ —Z >\

+ Vout

.

Figure 9: Photoplethysmograph Circuitry
The output voltage of the circuit, V,,, is proportional to the amount of light
reflected from the fingernail.

For pulse oximetry applications, high pass filtering is used to remove the DC component
of Vou, which is due to non-pulsatile arterial blood absorption, venous and capillary blood
absorption, and tissue absorption (Welch, et al., 1990). However, for the fingernail sensor, it is
precisely the “DC” component, which actually varies with touch pressure and posture, that is of

interest. The impact of this on sensor design is be further addressed in the following chapter.
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3. EXPERIMENTAL DESIGN AND IMPLEMENTATION

3.1. Design Goals
The goal of this chapter is to develop and implement a prototype design for a fingernail
sensor and an experimental apparatus that can be used to investigate the response of the sensor to
fingertip touch forces and changes in finger posture. Before this can take place however, it is
important to define more specifically the functional requirements of the sensor. First, the
variables of interest that are to be measured must be identified. Secondly, the extraneous

variables whose effect must be suppressed need to be identified.

3.1.1. Variables of Interest

Figure 10 defines the variables of interest that could potentially be measured using the
fingernail sensors. Assuming the contact surface is flat, an x-y-z coordinate system is defined
relative to the surface as shown, where the z-axis is normal to the surface and the y-axis is
aligned in the plane of bending of the finger. The variables of interest include the x-y-z
components of touch force, the three joint angles of the finger, and the roll and pitch angles of
the fingertip relative to the contact surface. If the contact surface is not assumed to be flat, then a
countless number of additional variables of interest could be defined to describe the state of the

fingertip, however that is beyond the scope of this thesis.

Front View Side View

Figure 10: Variables of Interest
The x-y-z coordinate system is defined relative to the contact surface and the
plane of bending of the finger. Touch forces are positive when the finger is
pushed in the positive x-y-z directions. The finger posture is represented by the
angle of the knuckle (MP) joint, I;, the middle (PIP) joint, J,, and the distal
(DIP) joint, I;. Posture angles are positive for flexion and negative for extension.
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applied by the finger to the surface. Thus the sign convention for the forces is such that the
forces are positive when the finger is pushed against or along a surface in the positive coordinate
directions. By this convention, pushing the finger down against a surface results in negative F,.
Sliding the finger along a surface in the positive x and y directions results in positive shear
forces, Fyx and F,. The reaction forces applied by the surface to the finger, which are equal but

opposite, are be positive when pointing in the negative coordinate directions. The bending angles

The variables of interest can thus be summarized by the following list:

lateral shear force

longitudinal shear force

normal touch force

angle of MP (metacarpal phalangeal or knuckle) joint

angle of PIP (proximal interphalangeal) joint

angle of DIP (distal interphalangeal) joint
pitch angle relative to contact surface
roll angle relative to contact surface

The forces, Fx, Fy, and F,, are defined here and for the rest of this thesis as the forces

are defined to be positive for flexion and negative for extension.

Application Discrete Variables Continuous Variables
(On/off detection) (Range of Values)
Virtual Switch F, (F, optional)
Wearable Mouse F, Fxand Fy

(J1, J2, or J3 optional)

Skill Monitoring

FXa Fy’ FZ9 Jla J27 J3
(¢ and ¢, optional)

Figure 11: Application Requirements
Desired subsets of the variables of interest are defined based on sensor
applications described in Chapter 6.
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Chapter 6 contains a detailed description of several potential applications that could be
achieved by measuring these variables with the fingernail sensor. The three main applications are
the virtual switch, the wearable mouse, and skill monitoring. Figure 11 lists the variables that are
required/desired to be measured for each of these applications. As a bare minimum, the sensor
should be capable of detecting F, in an on/off fashion. Ideally, the fingernail sensor would be
capable of simultaneously measuring a range of values for all of eight of these variables. This
would require at least eight photodetectors arranged in a two dimensional array across the
fingernail to capture both lateral and longitudinal color patterns. Even so, the prospect of
achieving this ideal is likely to be very difficult. A suitable goal for this thesis is to achieve at
least the functionality required to implement the wearable mouse application. This requires
measurement of Fy, F,, and F,, and possibly one joint angle. If not measured, any changes due to
the joint angles must at least be rejected as disturbances. Furthermore, if the contact angles are

not to be measured, they too must be kept constant or their effects must be rejected.

3.1.2. Eliminating Extraneous Variables

Before the sensor is designed, the issue of eliminating extraneous variables must be
addressed. An extraneous variable is defined here as any variable other than touch force or finger

posture that influences sensor output. The following is a list of those that are known:

Oxygen saturation
LED intensity
Ambient lighting
Sensor position
Hand elevation
Temperature
Cardiovascular status

The fingernail sensor should be designed such that the influence of these variables on

sensor output should be eliminated and/or held constant to whatever extent possible.

a) Oxygen Saturation
The oxygen saturation of the blood is an extraneous variable because in general, the light
absorption coefficient of blood depends on the oxygen content. Figure 12 shows the effect of
oxygen concentration on the absorption coefficient for a range of wavelengths. The two primary

components of blood are the oxyhemoglobin (HbO,) and reduced hemoglobin (Hb). In general,
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the absorption coefficients of these two components differ. For example, at a wavelength of
660nm (visible red light), the absorption coefficient of Hb is 10 times as large as HbO,. Thus a
typical drop in the oxygen concentration of 10% (Nitzan, et al., 2000) between the finger arteries

and veins is sufficient to change the visible appearance of the blood from red to blue.
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Figure 12: Effect of Oxygen Concentration
The isobestic point (~800nm) is the wavelength at which de-oxygenated and
oxygenated hemoglobin have the same coefficient of absorption. This figure
only shows approximate trends based on information from Tremper and Barker
(1989).

In fact, by using LEDs of two wavelengths, the relative concentrations of these two
components can be estimated, which is the principle behind pulse oximetry. However, for the
purpose of measuring blood volume alone, it is desirable to remove the dependence of the
absorption coefficient on oxygen concentration. This can be accomplished by using LEDs at the
“isobestic” wavelength of 800nm, where the absorption curves of oxyhemoglobin and reduced
hemoglobin intersect. At this wavelength, the absorption is independent of the relative
concentration of these two components. While LEDs of 800nm can be custom-made, 770nm
LEDs are more commonly available and are close to the isobestic point. Therefore LEDs of

770nm are be used for the fingernail sensor.

There are actually other isobestic wavelengths in the visible range below 600nm,
however the tissue penetration depth is much smaller due to the higher absorption coefficients of
melanin and proteins, which normally precludes the use of those wavelengths for
photoplethysmograph applications. Likewise, at wavelengths above 900nm, the absorption

coefficient of water becomes too large.
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b) LED Intensity

In order to minimize any effects due to variation in LED intensity, the current through the

LED should be strictly controlled, since the light intensity is directly proportional to the current.

Figure 13 contains a modified version of the basic plethysmograph circuit of Figure 9. As shown

in the figure, a transistor can be used to transform the input voltage (from a battery or power

supply) to a proportional current through the LED.

5V Transistor for controlling
current through LED
Vin
Photodiode
LED _SZ ’ Vout
770nm =

Figure 13: Nail Sensor Circuitry with Current Control
Voltage V;, controls the current and thus the incident light intensity, which is at
the isobestic wavelength.

c) Ambient Lighting

oV Transistor for controlling

current through LED

switch

Vin
Photodiode

Modulation LED S—‘

control 770nm
f = sampling/2 = 100Hz Subtract to remove

ambient light

Figure 14: Nail Sensor Circuitry with Modulation
Incident light is modulated on and off in order to subtract the contribution of
ambient light from V.
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In order to remove the influence of ambient lighting, the sensor should be coated on top
and sides with an optically opaque material. To remove the influence of any remaining ambient
light (e.g. that which penetrates underneath through the skin), a modulation scheme can be used,
such as shown in Figure 14. The LED is turned off and on at half the sensor sampling frequency.
Thus, every other photodiode measurement is taken with the light on and then off. By subtracting
two consecutive samples, the portion of the photodiode response due to ambient lighting is

removed.

d) Sensor Position

Any change in the position of the sensor on the fingernail, especially a change in distance
between the sensor and nail surface, will result in unwanted variation in sensor output.
Therefore, the sensor must be attached as rigidly as possible to the nail surface to prevent any
relative movement or rotation between the two. In order to accomplish this, the sensor should be
molded to the shape of the fingernail and attached using a strong transparent adhesive. In
addition, the wiring that transmits the signals from the sensor should be as thin and flexible as
possible in all directions, so that movement of the hand does not cause the wiring to exert large

forces or torques on the sensor.

e) Hand Elevation

The elevation of the hand relative to the heart affects the blood pressure in the hand and
fingertip, thus affecting the blood volume. Unfortunately, this extraneous variable cannot be
eliminated or controlled by the physical design of the sensor. Only the nature of the application
can be designed with this in mind. For example, a virtual keyboard or fingertip mouse
application would be good for maintaining relative elevation of the hand, while a skill

monitoring application involving lots of arm movement could be problematic.

f) Temperature
The temperature of the human body is automatically regulated by controlling the amount
of blood flow to the extremities, including the hand and fingers. Changes in ambient temperature
and/or body temperature prompt the blood vessels in the hand and fingers to constrict or relax,
altering the blood flow, and thus the blood volume. The only way to minimize the effect of this

variable through sensor design is to design the sensor to operate at a low enough power level that
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it does not significantly heat the fingertip. Aside from sensor design, the application can be

designed such that the ambient temperatures experienced are mild and constant.

g) Cardiovascular status
Finally, a number of variables associated with the human cardiovascular status are
capable of affecting the blood flow and blood volume in the fingertip. Some of these are coupled
with the regulation of body temperature already mentioned. Again, all that can be done is to
design the application for the sensor with this in mind—e.g. avoiding strenuous or energetic

activities.

3.2. Experimental Design

3.2.1. Conceptual Design of Sensor

Up to this point, the basic plethysmograph circuitry of the sensor has been determined, as
shown in Figure 14, and functional design criteria for the overall sensor have been specified and
discussed. In designing a prototype of the fingernail sensor, there are a few critical issues to be

addressed.

a) Size and profile
The sensors should be thin and unobtrusive. Using miniaturized optical components and
circuitry, they could be disguised as a decorative fingernail such as those commonly worn on the

natural fingernail.

b) Means of attachment
To minimize sensor noise from motion artifact, the sensors should be attached rigidly to
the fingernail. However, the interface must be optically transparent to maximize the sensitivity of

the sensor.

c) Shielding of ambient light
To reduce sensor noise from ambient lighting, the photodiodes should be optically
shielded from above. They should also be shielded from the side to prevent direct illumination

from the LEDs, which would result in a large unwanted DC voltage.
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d) Signal processing and transmission

The op amp stage shown in Figure 14 should be located close to the photodiodes so that
the sensor signals are amplified before being transmitted over a long distance. However, to
minimize the size and complexity of the sensor, all other signal processing can be done after

transmitting the signals away from the fingernail.

Decorative
Plastic Nail G\ Optically
Opaque Epoxy
Amplifier
Circuitry

/ Flexible Kapton PCB

e LEDs and

Optically Photodiodes

Transparent
Epoxy — Fingernail Mold

Figure 15: Nail Sensor Conceptual Design
Optical components are mounted on a flexible printed circuit board with layers
of epoxy above and below for the purposes of blocking ambient light and
molding to the shape of the fingernail.

Figure 15 shows a conceptual design that aims to meet the aforementioned requirements.
In order to minimize size and profile, miniaturized die-form optical and electrical components
are mounted using wire bonding to a thin flexible Kapton printed circuit board. The optical
components (LEDs and photodiodes) are placed on the bottom and covered with a protective
layer of optically transparent epoxy, which is molded to the shape of the wearer’s fingernail. A
barrier of optically opaque epoxy is placed between the photodetectors and LEDs to prevent
direct illumination. The amplifier components are placed on top, and then the entire top surface
is coated with optically opaque epoxy for shielding of ambient light, and finally a decorative
plastic nail is placed on top for aesthetic purposes. After amplification, the signals travel through
the thin flexible Kapton strip to the wearer’s wrist, where they can be transmitted wirelessly to
the computer. The sensor can be attached to the wearer’s fingernail using a double-sided

transparent adhesive.
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3.2.2. Sensor Implementation

In realizing the conceptual design of the sensor, the experimental scope of this thesis
justifies two significant deviations from the ideal conceptual design. First, the wireless
transmission of the signals from the wrist is unnecessary for experimentation. Instead, a tethered
cable connection at the wrist is used. Second, the flexible Kapton PCB complicates the wire-
bonding process since the flexible PCB absorbs the ultrasonic energy of the bonder. Instead, the
sensors will be constructed from a rigid PCB, which is thicker but suitable for experimentation.
Ultra-thin single-stranded wires will be used to transmit the signals from the PCB on the nail to

the tether on the wrist.

As discussed earlier, a two-dimensional array of at least eight photodetectors should be
used in order to measure and distinguish between the variables of interest. A single op-amp die
contains two operational amplifiers. Therefore, four op-amp chips (and eight resistors) are
required for eight photodetectors. Each photodetector should have an LED nearby to measure the
local blood volume. By placing LEDs between the photodiodes, less than eight LEDs are
necessary. Miniature die-form photodiodes, LEDs, op-amps, and resistors are all commercially
available in the following sizes:

LEDs: 0.25 mm x 0.25 mm
Photodiodes: 1 mm x 1 mm

Op-Amps: 1.25 mm x 1.75 mm
Resistors: 0.5 mm x 1 mm

B Photodetectors
LED and Photodiode Arrays | ® LEDs

Figure 16: Optical Configuration
Two-dimensional arrays of photodetectors and LEDs are placed across the
fingernail surface as shown from above.
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Using these components, eight photodetectors can be arranged over the touch-sensitive
part of the fingernail in a laterally symmetric configuration, as shown in Figure 16. The six LEDs
placed between the photodiodes ensure that each photodiode has at least one adjacent LED.
Figure 17 shows the implementation of the fingernail sensor prototype using a rigid PCB. The
image on the left shows the bottom side with the array of photodiodes and LEDs. The image on
the left shows the top side with the op-amp chips and a 14-pin connector for transmitting the

signals to the wrist.

Figure 17: Implementation of Nail Sensor Circuitry
A functional sensor is assembled using a rigid PCB. In the left picture, the eight
photodiode chips on the bottom side of the sensor are visible. In the right
picture, the op-amp chips and connector are visible on the top side.

After the optical and electrical components are in place as shown in Figure 17, they are
coated with protective epoxy and the bottom of the sensor is molded to the shape of the user’s
fingernail. First a wax cast is taken of the finger. The wax cast is then used to create a
polyurethane rubber mold that replicates the fingernail surface. The sensor is then molded to this
surface using transparent epoxy. Appendix A contains a complete description of the
manufacturing process including the wire-bonding and molding processes. The completed
experimental fingernail sensor is shown in Figure 18. In order to attach the sensor to the
fingernail, a strong transparent adhesive is needed, preferably removable. Such an adhesive is
easily available in most drug stores in the form of the double-sided transparent adhesive tabs that
are commonly used to attach artificial cosmetic fingernails. These tabs come in a variety of sizes
in the shape of the fingernail, are easily applied, and can be removed with a strong but not

excessive force.
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Figure 18: Experimental Implementation
A fully assembled sensor is mounted on the fingernail using transparent double-
sided adhesive.

Figure 19: Implementation using Flexible Kapton PCB
Using a flexible PCB, the sensor can be made thinner and less obtrusive.

Figure 19 shows an implementation of the fingernail sensor using a flexible Kapton
printed circuit board. The image shows a completed sensor beneath the bare PCB. Figure 20

depicts a “finger-free” electronic glove using multiple fingernail sensors. The magnetic tracker
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mounted on the wrist measures 6-D position and orientation of the hand while the fingernail

sensors measure the finger posture and forces at the fingertips.

Figure 20: Finger-Free Electronic Glove with Fingernail Sensors
Multiple fingernail sensors can be combined with other sensors such as the
magnetic tracker shown here to form a fingerless glove.

3.2.3. Experimental Platform

Appendix B shows a diagram of the experimental hardware used to collect data from the
fingernail sensor. A triple output power supply powers the LEDs and op-amps while a
multifunction data acquisition board is used to modulate the power to the LEDs and perform 16
bit A/D conversion. A Pentium III 450 MHz computer running a custom Java graphic user

interface is capable of sampling all eight photodiode signals at a rate of 25 Hz.

In order to experiment with touch forces, it is necessary to be able to measure the shear
forces that are applied to the finger along both the x-axis and y-axis as well as the normal
touching force along the z-axis. Figure 21 shows a picture of the force measurement system that
is used. A Nanol7 6-axis force/torque transducer from ATI Automation is used in order to
measure forces in the x, y, and z directions. The shear forces F, and F, have a sensing range of
12 N and a resolution of 0.8x10” N. F, has a range of + 17 N and a resolution of 1.6x10° N. A

rubber pad is placed between the finger and the sensor in order to maximize the coefficient of
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friction and thus decrease the dependence of the shear force on the normal force. Data from this

force platform is also sampled at 25 Hz by the Java GUL

Figure 21: Force Measurement Platform

A Nanol7 force/torque transducer from ATI Automation is mounted underneath
to measure three axes of touch force. A rubber pad on top facilitates application
of shear forces.

Ideally, the experiments would be designed so that the finger joints would be held in
place while an automated apparatus applies precise normal and shear forces. Unfortunately, a
device that would hold the finger in place would put pressure on the finger and affect the blood
flow, thus affecting the nail color. Therefore, the human must be relied upon instead to apply the
forces as precisely as possible. A visual feedback system consisting of gauges on a computer
monitor is used to display to the human in real-time the forces that are applied as the finger is
pressed on the platform. In addition, as long as the contact angles are not measured, the human
must be relied upon to keep the contact angles constant. This is easiest if the contact angles are
maintained at zero degrees by pressing the fingerpad against the platform with the bone parallel

to the surface, such that the contact area is maximized and the contact is most stable.

In order to experiment with finger posture, it is necessary to be able to measure the angles
of the joints of the finger while measurements are simultaneously taken from the fingernail
sensor. The easiest method would be to wear an electronic glove; unfortunately such gloves
constrict the fingers and interfere with the adhesion of the sensor to the nail. Therefore the
fingers are left free and a video tracking system is used instead, as shown in Figure 22. A pair of

colored markers is placed on each joint of the finger and video is taken continuously during the
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experiment. An image-processing algorithm is then used off-line to track the centroids of the
markers and compute the angle of each joint for each time index. The clock on the computer
monitor is used to synchronize the time index of the joint angle measurements to that of the

photodetector measurements.

Figure 22: Posture Measurement Platform
Colored markers on the finger joints are used for offline tracking of the finger
posture. The time index on the screen is used for synchronization of the data.

3.3. Preliminary Experiments

3.3.1. Purpose

In this section, preliminary experiments are performed in order to investigate the
response of the prototype sensor for different types of forces and changes in posture. The

purpose of these preliminary experiments can be summarized as the following:
1. To check whether the sensor responses are consistent with observable color changes
2. To gauge how distinguishable the responses to different forces/posture are

3. To identify the range of sensitivity in terms of force and posture
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These items will serve as a platform for explaining the physical mechanism of the color
changes in Chapter 4 and for designing calibration experiments for a force/posture estimator in

Chapter 5.

3.3.2. Normal Force

For the first experiment, a human subject is instructed to apply only normal force to the
fingerpad in order to investigate the sensor response. The subject is also instructed to maintain
the joint angles of the finger and the contact angles at the surface all equal to zero degrees by
extending the finger straight out (parallel to the platform) and pressing the fingerpad down
against the force measurement platform, maximizing the contact area. The results are shown in

Figure 23, Figure 24, and Figure 25.

Forces vs. Time for F, Experiment
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Figure 23: Application of Normal Force
A human subject presses down against the force measurement platform. The
normal force, F, is slowly cycled up and down while the shear forces are
maintained at zero. Posture angles and contact angles are also maintained at
Zero.

The finger is slowly pressed down on the measurement platform with increasing force
and then slowly lifted up again for five cycles at a rate of 0.05 Hz. The subject uses visual
feedback in the form of gauges in order to keep the two shear forces at zero while cycling the
normal force, F,, between zero and -4 N. The force values from the 6-axis force sensor are

plotted in Figure 23. The responses of the eight photodetectors are plotted vs. time in Figure 24.
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As a visual aid, the plots are arranged in a configuration corresponding to the locations of the
respective photodetectors on the fingernail. Furthermore, the scaling on the vertical axes is

uniform over all eight photodetectors, allowing for a meaningful comparison of photodetector

sensitivities.
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Figure 24: Sensor Output vs. Time for Normal Force
The outputs of the eight photodiodes are plotted vs. time. The plots are arranged
according to the positions of the respective photodiodes on the fingernail

surface.

In Figure 25, the photodetector outputs are averaged over the five cycles and plotted as
functions of F,, showing a characteristic pattern of sensor outputs for normal force. While some
small amount of hysteresis is evident between increasing and decreasing force, the relationship is
very repeatable across the five cycles, as shown by the small error bars representing the standard
deviation. The results are also consistent with the color patterns described in Figure 5 in Chapter

2. The outputs of photodetectors 1 and 2, which are located toward the distal end of the nail,
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increase with larger force, due to greater reflection from the whitening zone. Photodetectors 3
and 4, which are located toward the proximal end of the nail, display an initial voltage decrease

with larger force due to less reflection from the reddening zone, followed by a slight increase due

to more reflection from the encroaching whitening zone.
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Figure 25: Sensor Output vs. Normal Force
The average outputs of the eight photodiodes over several cycles are plotted vs.
the normal force with error bars corresponding to the standard deviations. The
plots are again arranged according to the relative positions of the photodiodes.
Some hysteresis is evident between the increasing and decreasing of the applied

normal force.

3.3.3. Lateral Shear Force

Next, a human subject is instructed to apply lateral shear force, Fx, by pushing as if to
drag the finger sideways along the rubber surface of the platform, while maintaining a constant

normal force. The posture and contact angles are maintained at zero degrees as before. The

results are shown in Figure 26, Figure 27 and Figure 28.

39



Forces vs. Time for F, Experiment

Fx [N]

Fy [N]

& ot .
N
[r, W\,—.\M/WW
s J
(] 10 20 30 40 50 60 70 80 90 100
Time [s]

Figure 26: Application of Lateral Shear Force
A human subject presses down against the force measurement platform with
constant 3 N of normal force and exerts a varying shear force in the x direction.
The lateral shear force, F, is slowly cycled back and forth while the longitudinal
shear force is maintained at zero. Posture angles and contact angles are also
maintained at zero. The normal force is difficult to maintain perfectly constant.

In this case, the subject is instructed to maintain a constant normal force of —3 N while
slowly cycling the lateral shear force between positive and negative 2 N at 0.05 Hz. The force
measurements are plotted in Figure 26 and the responses of the photodetectors are shown in
Figure 27. For lateral shear force, unlike the case of normal force, the photodetectors do not all
respond in phase. Photodetector 7 on the left side of the nail reacts in phase with the shear force
while photodetector 5 on the right side of the nail reacts 180 degrees out of phase with the shear
force. In Figure 28, the photodetector outputs are averaged over five cycles and plotted as
functions of the applied lateral shear force, F,, showing a characteristic pattern of sensor outputs
for lateral shear. The opposite slopes for photodetectors 5 and 7 make this pattern easily
distinguishable from the pattern for normal force. The results are repeatable as shown by the
error bars, but do show significant hysteresis; however it is likely that at least some of this
hysteresis is due to the inability of the human subject to maintain a constant normal force while
cycling the shear force. As evidenced in Figure 26, the subject tends to apply normal force with a

small but consistent oscillation with twice the frequency of the applied shear force.
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Figure 27: Sensor Output vs. Time for Lateral Shear Force
Photodiode outputs are again arranged according to photodiode location. For
lateral shear force, photodiodes on the left side of the fingernail are in phase
with the shear force while photodiodes on the right side of the fingernail are out
of phase with the shear force.

The results in this case are also consistent with the color patterns depicted in Figure 7 in
Chapter 2. As shown in Figure 28, the outputs of photodetectors 5 and 7 both increase when the
finger pushes away from their respective sides of the fingernail, corresponding to the distal
whitening and reddening patterns in Figure 7. Photodetector 1 stays relatively constant, since it is
always over a white region. Photodetectors 2, 3, and 4 are symmetrical about F,=0, increasing

with shear force in either direction due to the central whitening/reddening patterns in Figure 7.
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Figure 28: Sensor Output vs. Lateral Shear Force
The average outputs of the eight photodiodes over several cycles are plotted vs.
the lateral shear force with error bars corresponding to the standard deviations.
The patterns here are significantly different than for normal force. Hysteresis is

again evident.

3.3.4. Longitudinal Shear Force

Next, a human subject is instructed to apply lateral shear force, Fy, while maintaining a
constant normal force. The results are shown in Figure 29, Figure 30, and Figure 31. In this case,
the subject is instructed to maintain a constant normal force of -3 N while slowly cycling the
longitudinal shear force between positive and negative 2 N at 0.05 Hz. The force measurements
are plotted in Figure 29 and the responses of the photodetectors are shown in Figure 30. Unlike
lateral shear, the responses for longitudinal shear all seem to be in phase, but their sensitivities
are very different for negative shear compared to positive shear. This is more evident in Figure
31, where the photodetector outputs are again averaged over five cycles and plotted as functions

of the applied longitudinal force, Fy, showing a characteristic pattern of sensor outputs for

longitudinal shear.
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Figure 29: Applied Longitudinal Shear Force
The longitudinal shear force, F, is slowly cycled back and forth with zero Fy.
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Figure 30: Sensor Output vs. Time for Longitudinal Shear Force
For longitudinal shear force, photodiodes are all in phase with each other.
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Like the first two cases, the results in Figure 31 are very repeatable across the five cycles
as evidenced by the relatively small error bars, but do show significant hysteresis, especially for
photodetectors 1 and 2 toward the distal end of the nail. As shown in Figure 29, the subject is
more successful at maintaining a constant normal force than in the previous case. Therefore, the
hysteresis is likely due to some asymmetry in the mechanics of the fingerpad during the cycling.
Unlike lateral shear, most of the photodetector outputs appear to be more sensitive to positive Fy
than negative F,. This is not surprising, since the color pattern for negative Fy described in Figure
7 does not appear to be significantly different from the color pattern for normal force alone.
Photodetectors 1 and 2 do show some increase for negative F,, corresponding to the distal
whitening zone in Figure 7. The behavior for positive Fy is also consistent with Figure 7, since

photodetectors 2, 3, and 4 all increase due to the central whitening zone.
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Figure 31: Sensor Output vs. Longitudinal Shear Force
The average outputs of the eight photodiodes over several cycles are plotted vs.
the longitudinal shear force with error bars corresponding to the standard
deviations. The patterns here are significantly different than both normal force

and lateral shear force.
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3.3.5. Bending

Finally, the response of the sensor to changes in finger posture is investigated. Figure 32,
Figure 33, and Figure 34 show the results of experiments for finger posture measurement.
Starting from a fully flexed position, a human subject fully extends the finger and then fully
flexes once again. This action is repeated for six cycles at a rate of 0.1 Hz. The responses of each
of the eight photodetectors are shown in Figure 32 for a single cycle. As shown by the data, the

photodetector outputs all respond in phase with the bending with varying sensitivities.

Photodetector outputs are all in phase
with bending

0.04 T T

0.035

0.03 1

0.025

0.02

0.015

P8 [Volts]

0.01

0.005

-0.005

1 2 3 4 5 6 7 8 9
Time [s]
Figure 32: Sensor Output vs. Time for Finger Bending
A human subject alternately extends and flexes the finger. The photodiode
outputs all behave in phase with each other.
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Using the video tracking system shown in Figure 22, the joint angles were computed
from video frames spanning the bending range of the finger. The finger consists of three joints,
not all of which can be flexed independently. Figure 33 shows the correlation between the joints
using data from the experiment. Since the knuckle joint can be flexed independently of the other
two and does not appear to influence the photodetector outputs, the knuckle angle J; is held
constant for this experiment. The proximal and distal interphalangeal joints, J, and J3, cannot be

flexed independently and have a roughly linear dependence, as shown in Figure 33. Therefore,
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the photodetector outputs can be treated simply as a function of J, (hereafter referred to simply as
0), and are plotted as such in Figure 34, showing a characteristic pattern of sensor outputs for

bending.
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Figure 33: Correlation of Joint Angles
During free bending, the angles of the middle and distal joints are coupled to
each other. The angle of the knuckle joint can be controlled independently, but
does not influence the fingernail coloration. Therefore J, will be used to
represent the posture of the finger.
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For bending, the pattern of photodetector responses show very little hysteresis compared
with touching, however the responses are not as repeatable over the six cycles as evidenced by
the larger error bars compared to the plots for touching. The responses are most sensitive
between the fully extended position (-10 degrees) and a one-third flexed position (25 degrees).

Beyond 25 or 30 degrees of flexion, there is virtually no change in the photodetector responses.

The results are consistent with the color patterns due to bending described in Figure 6 in
Chapter 2. The photodetector outputs all increase with extension and decrease with flexion,
corresponding to the broad central whitening zone. Photodetectors 2 and 3, located most directly

above the whitening zone, show the greatest sensitivities.
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Photodetector Qutputs vs. theta
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Figure 34: Sensor Output vs. Bend Angle
The average outputs of the eight photodiodes over several bending cycles are
plotted vs. the angle of the middle joint, © or J,. The patterns here are different
than those for touching. Relatively little hysteresis is evident compared to

touching.
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4. UNDERSTANDING OF THE MECHANISM

4.1. Anatomy and Physiology of the Fingertip

4.1.1. Structure and Function of the Fingertip and Fingernail

The goal of Chapter 4 is to develop a comprehensive understanding of the mechanism by
which fingertip forces and finger extension/flexion change the coloration of the fingernail, or
more accurately, the measurable blood volume beneath the fingernail. In order to explain this
mechanism, it is necessary to thoroughly understand the relevant anatomy and physiology of the
fingertip. First, the anatomical structure and function of the fingertip and fingernail is
investigated. Secondly, the blood flow in the fingertip and fingernail bed is investigated. Based
on these investigations and experimental photographic evidence, a generalized qualitative model
for understanding the mechanism of color changes is then developed. Finally, a quantitative
lumped-parameter hemodynamic model is created to simulate the static and dynamic behavior of

the whitening and reddening phenomena.

Nail bed ) )
Nail matrix

Nail
Eponychium

Hyponychium

Stratum
germinativum

Bone Stratum corneum
and
stratum lucidum

Figure 35: Structure of the Distal Human Fingertip
A sagittal cross-section of the fingertip shows the relative positions of the bone,
fingernail, and surrounding tissue. Adapted from Spence (1982) with
permission.
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Details of the anatomical structure and function of the fingertip can be found in several
references such as Spence (1992), Tubiana (1981, 1), Scher and Daniel (1997), Baran and
Dawber (1994), Krstic (1991), and Zook, et al. (1980). Figure 35 shows a sagittal cross-section
of the fingertip. The bones of the distal and middle phalanx meet at the distal interphalangeal
joint (DIP). The bone of the distal phalanx is surrounded beneath by the soft deformable tissue of

the pulp and above by the nail unit.

Movement of the finger and forces at the fingertip are effected by means of a network of
flexor and extensor tendons, as shown in Figure 36 (Tubiana, 1981, 2; Simmons and Caffiniere,
1981; Valentin, 1981). The extensor tendons pull the finger up into an extended position, while
the flexor tendons pull the finger down into a bent or flexed position. Some of the tendons are
actuated by extrinsic muscles, located in the forearm, and are primarily responsible for power
gripping. Others are actuated by the intrinsic muscles, located in the hand, and are primarily
responsible for fine motions. At the DIP joint, the terminal extensor tendon and the deep flexor
tendon are attached to the proximal end of the distal phalanx, exerting torques on the bone.
Ligaments also connect the distal phalanx to the middle phalanx, preventing the DIP joint from

separating and hyperextending (Duousset, 1981).

mmatic view of the profile of a finger showing the insertions of the intrinsic and extrinsic
muscles and the retinacular higaments, The s a certiin symmetry between the fibrous formations at the level of the
metacarpophalangeal joint and the proxin nerphalangeal joint. /. Central or middle extensor tendon. 2. Lateral
extensor tendon. 3. Central band of the long extensor, 4, Lateral band of the long extensor. 5. [nferosseous tendon,
&, Lumbrical tendon. 7, Deep transverse imtermetacarpal ligament {or interglenoid). &, Central band of the inferos-
seous. ¢, Terminal extensor tendon. /6. Obligue retinacular ligament, 2/, Transverse retinacular ligament, /2, Tri-
alar Hegament, 130 Insertion of the extensor digitorum into the second phalanx. 4, Transverse fibers of the interos-
s hoods, 15, Obliaue fibers of the interosseous hoods. 76, Sagittal bands. /7. Fibrous sheuth of the flexor tendons.
78, Insertion of the interosseous oo the base of P,. /9, Tendon of the extensor digitorum. 20, Superficial fexor
temcfon. 2/, Deep flexor tendon.
Figure 36: Kinematics of the Human Finger

The distal joint is actuated by a network of flexor and extensor tendons, which

are attached at the base of the distal phalanx (from Tubiana, 1981, 2, with

permission).
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Figure 37: Nail to Bone Connection

The fingernail is attached to the bone via matrices of strong fibers or ligaments
(from Gonzalez-Serva, 1997, with permission).

Figure 37 and Figure 38 show a more detailed anatomy of the fingernail and its relation

to the bone. The nail plate itself is attached to the bone by the anterior ligament (AL), the
posterior ligament (PL), and the bed mesenchyme (BM), the latter having an almost ligamentary
or tendon-like character (Gonzalez-Serva, 1997). This anchoring serves to maintain the
positional relationships and distances between the matrix, bed, hyponychium, and bone, which
are critical for nail health and functionality. The nail plate is generated by the matrix, grows up
and emerges out from under the proximal nail fold at the eponychium, curves over the nail bed,

and separates from the fingertip at the hyponychium. The nail plate is approximately 0.5-0.6 mm
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thick and has an average growth rate of 0.1 mm/day (3 mm/month), thus growing out completely

in about 6 months (Fleckman, 1997).
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Figure 38: Nail Growth
The nail plate grows up out of the matrix, emerges at the eponychium, and
separates at the hyponychium (from Gonzalez-Serva, 1997, with permission).

The nail unit has four known functions:

Protection of the phalanges and fingertips from traumatic impact
Enhancement of fine touch and fine digital movements
Scratching and grooming

Aesthetic and cosmetic organ

W=

The second of these functions is very important to the field of haptics. As stated in
Gonazalez-Serva (1997), “the nail plates act as buttresses that appose the fingertips, increasing
the discriminatory ability of the acral pulp and skin whenever an object is grasped between two
fingers: A half or a full pincer is provided by rigid peripheral nail plates. Such a pincer grip is
even more efficient than the blunt support that would be provided solely by a pair of
interphalangeal bones. The intensified sensory discrimination provided by the nail-enhanced
pincer grip also permits additional dexterity when handling minute objects because it improves

the capability for fine digital movements.”

Figure 39 shows a dorsal view of the nail unit, which shows the various structures that
influence the visible color of the fingernail. At the proximal end of the nail plate lies the cuticle,
the visible portion of which is a webbed rim of material protruding from the eponychium. The

lunula, which appears as a grayish-white zone, is the visible portion of the nail matrix. The
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onychodermal band is the external expression of the solehorn, the distal part of the bed preceding
the detachment of the nail, and has a glassy-grayish color. The nail bed is the area between the
distal edge of the lunula and onychodermal band. According to Gonzalez-Serva, “After
application of pressure to the pulp, this middle bed turns pinker while the distal bed that precedes
the onychodermal band becomes whiter. This response to pressure, in the presence of the only
gradually thickening nail plate and of a relatively uniform bed epithelium, supports the role of
the bed vasculature as the main source of the pink color of the bed.” This role will be discussed
in detail in the following section. The nail plate itself is transparent and colorless, acting as a
window into the nail bed. The distal edge of the plate where it is detached from the bed appears

opaque due to increased refraction at the solid-gas interface.

PROXIMAL NAIL FOLD LATERAL NAIL FOLD
EPONYCHIUM
E— ONYCHODERMAL BAND
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/

CUTICLE PLATE

DISTAL EDGE OF PLATE
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Figure 39: Dorsal View of the Nail Unit
A dorsal view shows the factor affecting nail coloration. The nail itself is
transparent. The lunula is the visible portion of the matrix and the onychodermal
band is the visible portion of the solehorn (from Gonzalez-Serva, 1997, with
permission).

4.1.2. Blood Supply of the Fingertip and Nail Bed

A variety of details on the vascular anatomy of the fingertip can be found in several
sources such as Tubiana (1981, 1), Fleckman and Allen (2001), Scher and Daniel (1997), Krstic
(1991), Wolfram-Gabel and Sick (1995), Flint (1956), Zook et al. (1980), and Smith et al. (1991,
1 and 2). The nail bed is richly vascularized with blood flowing from the digital arteries into a

network of arterioles, through capillary loops just under the surface, and back out through the
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venules to the digital veins. Figure 40 shows each of the subdivisions of the vascular network

and their accompanying blood pressure.
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Figure 40: Blood Pressure in the Vascular System
The pulse is visible in the arteries but is damped in the capillaries and veins

(from Guyton, 1981, with permission).
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Figure 41: Dorsal View of Arteries and Veins
The arteries are located principally above the bone, while the veins are located
principally to the sides of the bone and are more susceptible to collapse (from

Pallardy, et al., 1981, with permission).
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Figure 41 shows the anatomy of the digital arteries and veins. The main digital arteries
divide into a network of smaller arteries that run principally above the bone, which is connected
to the fingernail via a strong matrix of collagen and elastic fibers, as described in the previous
section. As reiterated by Krstic (1991), the nails are effectively “immobile over the distal
phalange.” As a result, the arteries underneath the nail are protected from touch pressure,
allowing uninterrupted supply of blood to the capillaries under the nail. However, the flow of
blood out of the fingertip relies largely on the lateral ramifications of the digital veins shown in
the figures (Smith et al., 1991, 2). In addition, the veins are generally larger and more compliant
than the arteries, and have a smaller internal blood pressure than arteries, as shown in Figure 40,
leaving them more susceptible to collapse by touch pressure (Guyton, 1981). As a result, when
touch pressure is applied to the fingertip, the veins are collapsed, causing blood to pool up in the

capillaries underneath the nail.

Capillary loops under the nail
are twice as long and twice as
numerous

Reddening
Zone Whitening Zone

Figure 42: Capillaries of the Fingertip
Capillary loops under the fingernail are twice as long and twice as numerous as
elsewhere in the skin (from Wolfram-Gabel and Sick, 1995, with permission).

The capillaries run longitudinally under the nail bed and are twice as long and twice as

numerous as those in the pulp on the palmar side of the fingertip, as shown in Figure 42
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(Wolfram-Gabel and Sick, 1995). Directionally the capillaries are vertical into the dermal
papillae under the nail matrix, but longitudinal under the nail bed (Krstic, 1991). Thus the blood
that pools up in the capillaries of the nail bed is highly visible and is responsible for the
reddening effect described in Chapter 2. According to Guyton (1981), under normal conditions,
the blood in the capillaries is rich in oxygen and therefore red. Figure 42 also shows that the
capillaries under the nail at the tip of the finger are not protected by the bone. Thus touch
pressure can propagate around the tip of the bone, causing these capillaries to collapse and
pushing all of the blood out of them. This results in the whitening effect described in Chapter 2.
As stated in Guyton (1981), “Thus, in conditions in which the cutaneous vessels become greatly
constricted, the skin has an ashen white pallor,” which is the color of the subcutaneous

connective tissue, composed principally of collagen fibers.

Figure 43: Capillaries of the Nail Bed
The capillary loops are visible as they extend upward (from Baran and Dawber,
1994, with permission).

Figure 43 shows a microscopic image of the capillary loops in the nail bed. Figure 44
illustrates how the capillary loops branch off the arteries and veins of the superficial plexus that
parallels and connects to the deep plexus. The arteries and veins are also connected by

arteriovenous shunts, which allow blood to bypass the capillaries. These shunts are constricted
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and relaxed in order to control the blood flow and regulate body temperature. It is estimated that
90% of the blood flow to the hand occurs for the purpose of temperature regulation, while only
10% is required for nutrition (Montagna and Fellis, 1961; Tubiana, 1981, 2). According to
Guyton (1981), when the skin is cold and the blood is flowing extremely slowly, most of the
oxygen is consumed before the blood can leave the capillaries, and the deoxygenated blood gives
the skin a bluish hue. Thus, the effect of temperature, while ignored in the subsequent models,

will play an important role in sensor performance.
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Figure 44: Anatomy of Microcirculation
The capillaries branch off in parallel from the arteries to the veins.
Arteriovenous anastomoses also act as shunts between arteries and veins (from
Guyton, 1981, with permission).

4.2. Bone-Nail Interaction

4.2.1. Basic Mechanism

Figure 45 shows a basic model of the nail-bone interaction that explains the mechanism
behind the observable patterns of color or blood volume beneath the fingernail. As described
earlier, the fingernail is connected to the bone of the distal phalanx by a matrix of strong fibers,
especially around the perimeter of the nail, which prevent the nail from detaching from the bone,
even under very high tension. However these fibers do not prevent the nail from being
compressed against the bone. Touch forces and posture are maintained through tension in the
flexor and extensor tendons, which are attached at the proximal end of the bone. The tendons are
thus able to exert torque on the bone but do not directly affect tension in the tissue of the

fingertip.
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The bone itself has a distinctive arrowhead shape with protuberances at both ends where
the fibers are attached. The bone does not extend all the way to the hyponychium where the nail
detaches from the skin. This geometry is important in determining the regions of the nail bed that

are affected by various forces within the fingertip.
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Figure 45: Bone-Nail Interaction Model
This model highlights the relative positions and connections between the
fingernail and bone of the distal phalanx.

- A
Figure 46: Nail-Bed Capillaries Protected by Bone
When the fingertip is pressed flat against a surface, the capillaries above the
bone are protected, while the capillaries around the bone are collapsed.

7



The shape and position of the bone and its effect on the nail bed capillaries is evidenced
in Figure 46 and Figure 47. In Figure 46, the finger is pressed down against a flat surface. The
profile of the bone is visible as the region of red where the capillaries are protected from
collapsing due to the pressure. In Figure 47, the nail is pressed against a transparent surface. In
this case the profile of the bone is visible as the region of white where the capillaries between the

nail and bone are compressed and collapsed, which also confirms the inability of the nail fibers

to support compression.

Figure 47: Nail-Bed Capillaries Collapsed by Bone
When the fingernail is pressed against a clear pane of glass, the capillaries above
the bone are collapsed, while the capillaries around the bone remain filled with
blood.
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Figure 48: Arterial vs. Venous Positioning
The relative positions of the arteries and veins are highlighted. The arteries are
principally above the bone, while the veins are to the side of the bone.
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It is also important to reiterate the positions of the main digital arteries and veins relative
to the bone. Figure 48 illustrates how the arteries run mainly above the bone, while the veins run
mainly beside the bone, where they are exposed to pressure from below. When the veins are

collapsed, blood pools upstream in the capillaries, resulting in a reddening effect.

The important characteristics of the basic bone-nail interaction model can be summarized

by the following principles:
e The bone (distal phalanx) has a distinctive arrowhead shape with protuberances at both ends
e The fiber matrices between nail and bone support tension but not compression

e Tension in the tissue allows capillary blood volume to increase while compression causes

capillary blood volume to decrease
e Compression of the veins causes blood to pool up in the capillaries

This basic model is now ready to be applied to explain the mechanism behind the
fingernail coloration that results from each of the various types of touch force and posture. For
each type of force or posture, photographic evidence of the nail coloration will be used to
identify regions of tension and compression and infer the mechanisms by which the nail and

bone interact to create these tensions and compressions.

4.2.2. Photographic Evidence

In Chapter 2, the different patterns of fingernail coloration were briefly illustrated.
However, in order to accurately apply the basic bone-nail interaction model, photographic
evidence of the various patterns of coloration (due to changes in blood volume) should be
collected for a number of human subjects. In this study, digital images were collected for 16
different subjects: 11 male and 5 female. For purposes of categorizing skin color, 7 subjects were
white, 7 were Asian, and 2 were black. In order to uniformly photograph the subjects, an
apparatus was designed as shown in Figure 49. The 3-axis force-sensing platform described in
Chapter 3 is placed within an enclosed chamber to block ambient lighting. A 1.0 MegaPixel
CCD digital camera with 10x optical zoom is mounted above the force-sensing platform in order

to image the fingernail as the finger is pressed against the platform with various forces. Using an
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attached close-up lens, the camera is able to maintain focus while zoomed in such that the

fingernail fills the entire 640x480 frame.

The two key features of the apparatus are the lighting and the filtering. The lighting is
extremely important, because the fingernail surface itself is highly reflective. If the light shines
from anywhere in front or beside the fingernail, the downward-curving fingernail surface will
directly reflect light back up into the lens, resulting in a glare that washes out the coloration
beneath the nail. However, if the light is placed directly behind the fingernail, over the hand, as
shown the figure, the curvature of the nail will reflect the light out away from the lens. In this
situation, the only light that reaches the lens is the light that penetrates the nail bed and is
diffusely reflected back out. The configuration in Figure 49 is also fine for photographing finger
extension, as long as the hand is titled forward so that the nail surface remains level with respect
to the lens. However, in order to photograph the nail during finger flexion, the hand must be
turned upside down to position the nail level with respect to the lens, as shown in Figure 50. In
this case, the hand must be inserted from the opposite side of the chamber to prevent glare from

the light source.

1.0 MegaPixel CCD Digital Camera,
10x Optical Zoom, Monochrome Mode

light source:

* 25 Watts for soft illumination
* positioned behind nail to
prevent glare from nail surface

Green fi .
and close-up lens .7

4
!
/
/
/

E glare

rubber pa

| 3-axis force-
| sensing platform|.

Figure 49: Experimental Apparatus for Photographing Fingernail
CCD camera images the fingernail coloration while the finger is pressed against
the force platform with specified force. The angle of light source is critical to
prevent direct glare from the nail surface, so that color patterns are mainly
representative of light scattered back from the nail bed.
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Figure 50: Photographic Setup for Finger Flexion
A similar setup allows for imaging color patterns due to posture changes.

The second key feature of the apparatus is the filtering. In order to maximize the contrast
between red and white areas of the fingernail, color filtering can be applied. When sample
images are broken down into their RGB (red-green-blue) components, results show that the “red”
and “white” areas of the fingernail differ mainly in their green component, while the red and blue
components are almost identical. Therefore, the green component should be isolated and used to
generate a monochrome (or grayscale) intensity image. The most flexible solution is to digitally
filter the image by software once it has been downloaded to the computer. However, the process
of acquiring useful images involves feedback between the subject, camera, and photographer.
Without monitoring a well-contrasted image on the LCD screen, the subject and/or photographer
cannot judge the quality of the image and are often unaware that the finger is not properly
illuminated or level with the lens or that the shear force is being incorrectly generated by rolling
the finger rather than dragging it. Therefore, the filtering is placed in the feedback loop by
attaching a green filter to the camera lens and operating the camera in monochrome mode. Once
the grayscale image has been downloaded to the computer, the contrast can be further enhanced

by scaling the intensity values, or by applying thresholds or other filters.
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nominal

extension L fletion
Figure 51: Fingernail Coloration for Typical Subject
Each image corresponds to a particular force or posture pose as subtitled.

nominal

oHlexion .

Figure 52: Typical Coloration — 5x Contrast
The images from Figure 51 are presented here with the intensities scaled by a
factor of five to enhance contrast between white zones and red (dark) zones.
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Figure 51 shows a sequence of images taken for a typical subject. The first image is the
nominal coloration of the fingernail when no force is applied and the finger is held straight out.
For the second image, a normal force of -3 N is applied. Then lateral and longitudinal shear
forces of negative and positive 2 N are applied. Finally, images are taken of the finger fully
extended and fully flexed. Figure 52 shows the same sequence of images after the contrast is
enhanced by scaling the intensities up by 5 and renormalizing. More specifically, the intensities
in the 30-50% range were linearly mapped to the entire intensity range (0-100%, or 0-255). As a

result, the contrast between red (dark) and white areas of the fingernail is highly visible.

All 16 subjects were photographed in the same eight poses. In order to compile the
images for all 16 subjects into meaningful results for any particular pose, the intensity values
were averaged across all the subjects, resulting in an “average” fingernail image, depicting the
average pattern of coloration. First, the sizes of the images were all normalized according to the
length and width of the fingernail. The length was defined as the maximum distance in the y-
direction from the eponychium (where the nail emerges from the proximal nail fold) to the
hyponychium (where the nail separates from the distal bed), and the width was defined as the
maximum distance in the x-direction between the lateral nail folds. Then the images were all
uniformly cropped about the center of the nail to 125% of the normalized nail size, leaving a
small area visible around the nail. The resulting images were all 400x400 pixels, with a 320x320
pixel fingernail in the center. Finally, the intensity value for each pixel was averaged across the

16 subjects. The results are shown in Figure 53.

In Figure 54, the contrast is enhanced using a 30-50% linear mapping as before. As
evidenced in the figure, the poses result in significantly different average patterns of coloration
with well-defined dark and white zones, corresponding to the reddening and whitening zones,
respectively. The zones stand out even further when a threshold filter is applied as shown in
Figure 55. In this case, all the pixels with intensity greater than 105 are mapped to 255, and all

other pixels are mapped to zero.
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nominal

extension flexion
Figure 53: Average Fingernail Colorations
The same eight force/posture poses are averaged for 16 human subjects. Images
from the subjects were normalized to the same size and averaged pixel by pixel.

nominal

“extension flexion
Figure 54: Average Fingernail Colorations — 5x Contrast
The images from Figure 53 are scaled five times in intensity to enhance contrast.
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nominal

fon

extension flexion
Figure 55: Average Colorations — Threshold Filtered
A threshold filter further enhances contrast between red and white zones.

I : fle nh

Figure 56: Standard Deviation of Colorations — 5x Contrast
Standard deviation across 16 subjects is computed pixel by pixel. The dark areas
represent areas of low standard deviation between subjects.

[ ol
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Finally, Figure 56 shows the images that result from the standard deviation of the pixel
intensities across all 16 subjects with the contrast scale up by 5, using a 0-20% linear mapping.
The standard deviations are relatively high (white regions) all around the perimeter of the nail
due to differing lengths of trimming, shapes of the nail folds, and visibility of the lunula.
However, the standard deviations are relatively low (dark regions) and uniform across the nail
bed, indicating that the subjects all react with similar color patterns for each pose. Therefore, it is
justifiable to create a qualitative model of the color change mechanism that is applicable to

people of various skin colors and fingernail sizes.

4.2.3. Normal Force

Figure 57 and Figure 58 depict the average visible effect of normal touch force on the
fingernail, using the photographic evidence from the previous section. The average nominal
coloration in Figure 57 shows a slightly white area over the bone. When normal force is applied,
as shown in Figure 58, the area around the bone is whitened, while the area above the bone is

reddened.

Figure 57: Average Nominal Fingernail Coloration
The average nominal coloration from Figure 54 and Figure 55 is here enlarged.

Figure 58: Average Coloration for Normal Force
Normal force causes the formation of a distal white zone and proximal red zone.
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Figure 59 illustrates the mechanism behind this effect. The top diagrams depict the
nominal state of the fingertip when no force is applied. The tissue is colored light gray to indicate
it is neither in tension nor compression. The transverse and dorsal views also depict the primary
arteries (over the bone) and veins (beside the bone). The bottom diagrams show a negative z-
force exerted beneath the fingertip and its corresponding reaction force exerted by the bone,
which is achieved by tension in the flexor tendon. These forces compress the tissue of the pulp
between the bone and the surface, as depicted by the area in white. Note that the compression
extends to the area around the bone as well as beneath it. This is because the nail bed fibers are
in tension and pull the nail down with the bone, compressing all the tissue that is around the bone
but beneath the nail. This includes the lateral aspects of the finger where the primary veins lie.
Thus the veins are collapsed, causing blood to pool up in the protected capillaries between the
nail and the bone, as depicted by the area shaded in dark gray.

SAGITTAL VIEW TRANSVERSE VIEW DORSAL VIEW

(section A-A) (section B-B)

Nominal

With Normal Force

Figure 59: Normal Touch Mechanism
As the flexor tendon pulls the bone down to generate normal force, the tissue
beneath the bone is compressed. The bone-nail connection causes the nail to be
pulled down also, compressing tissue at the fingertip, resulting in a distal white
zone. The lateral veins also collapse, causing blood to pool above the bone.
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4.2.4. Extension/Flexion

Figure 60 and Figure 61 depict the average visible effects of finger extension and flexion
on the fingernail. When the finger is extended, whitening occurs between the bone and the
fingernail, especially at the distal end of the bone. When the finger is flexed, the whitening

disappears and the entire nail reddens.

Figure 60: Average Coloration for Extension
Extension causes the formation of a proximal white zone and distal red zone.

Figure 61: Average Coloration for Flexion
Flexion causes the disappearance of white zones and an overall reddening effect.

Figure 62 illustrates the mechanism behind this effect. During extension, the extensor
tendon pulls the bone upward against the fingernail, which is held in place by a reaction force
from the proximal nail fold. Since the fibers of the nail bed do not support compression, the
capillaries are collapsed between the bone and the nail, especially above the bony protuberance

at the distal end of the bone.

When the finger is flexed, the flexor tendon pulls the bone down away from the nail,
relieving the compression between the nail and bone. Since the nail bed fibers are now in

tension, the fingernail maintains a normal position relative to the bone. However, additional
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reddening occurs throughout the fingertip since flexion of the finger kinks the veins, causing
blood to pool up in the capillaries throughout the fingertip. Figure 63 shows how the arteries

(unlike the veins) are tortuous so that blood can enter the fingertip even though it cannot exit.

Extension

Flexion

Figure 62: Bending Mechanism
As the extensor tendon pulls the bone upward to extend the finger, the tissue
between the nail and bone is compressed.

Figure 63: Arterial Tortuosity
The arteries are tortuous or coiled (unlike the veins), which prevents them from
collapsing during flexion (from Smith, et al., 1991, 1, with permission).
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4.2.5. Lateral Shear Force

Figure 64 and Figure 65 depict the average visible effects of lateral shear force on the
fingernail. In Figure 64, a negative lateral shear force is applied (finger sliding to subject’s left),
while in Figure 65, a positive lateral shear force is applied (finger sliding to subject’s right). In
both cases, the fingernail whitens around the bone on the far side of the nail (opposite direction

of sliding), as well as over the bone toward the near side (in direction of sliding).

Figure 64: Average Coloration for Negative Lateral Shear
Lateral shear force causes a more complex pattern of red and white zones.

Figure 65: Average Coloration for Positive Lateral Shear
The pattern is almost mirrored when the direction of lateral shear is reversed.

In this case, the mechanism is more complex, as illustrated in Figure 66. In order to apply
shear, a normal force must be simultaneously exerted in order to allow for friction. It has already
been established that when normal force is applied, the area around the bone is compressed and
whitened. When lateral force is exerted in addition to normal force, a lateral reaction force is
maintained in the bone by the ligaments of the joint, and the tissue of the pulp between the bone
and surface experiences a shear force that pulls the tissue toward the far side of the nail. Thus the
tissue at the far side becomes bunched up around the nail due to shear and whitened due to

compression by the normal force. However, on the near side of the nail, the tissue is pulled away
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from the nail by the shear force. The tension of this pulling action prevents compression of the

tissue at the near side, resulting in reddening. Furthermore, the tension at the near side pulls the

nail down on top of the bone there resulting in whitening.

With Negative Lateral Shear
B-B

With Positive Lateral Shear
B-B

Figure 66: Lateral Shear Mechanism
When lateral shear is applied, the tissue is pulled from one side of the bone to
the other resulting in compression on one side and tension on the other. The nail
is also pulled down onto one side of the bone and away on the other, causing
secondary white and red zones above the bone.

4.2.6. Longitudinal Shear Force

Figure 67: Average Coloration for Negative Longitudinal Shear
Negative longitudinal shear results in a proximal red zone and a distal white
zone that is similar to the case of normal force alone but slightly larger.
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Figure 68: Average Coloration for Positive Longitudinal Shear
Positive longitudinal shear results in a distal red zone and a proximal white zone
that is similar to the case of extension but has a different shape.

Finally, Figure 67 and Figure 68 depict the average visible effects of longitudinal shear
force. Figure 67 depicts negative longitudinal shear applied to the finger (finger pulling
backward). In this case, we see whitening around the bone, not significantly different from
normal force alone. Figure 68 depicts a positive longitudinal shear applied to the finger (finger

pushing forward). In this case we see whitening over the bone, but reddening at the tip.

With Negative Longitudinal Shear ay

A-A

A-A

Figure 69: Longitudinal Shear Mechanism
When longitudinal shear is applied, the tissue is either pulled from or pushed to
the fingertip, causing tension or compression at the tip. Also, the nail is either
pushed toward or pulled away from the bone, causing proximal effects.
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Unlike lateral shear force, the mechanism of longitudinal shear force is different for
positive and negative forces, as illustrated in Figure 69. When force is applied in the positive
direction, as shown in the bottom diagrams, the mechanism is similar to lateral shear. Applied
shear and reaction force in the bone pulls the tissue proximally. At the distal end of the nail, the
tissue is pulled away, generating tension and preventing the capillaries from collapsing, resulting
in reddening. However the tension pulls the nail down on top of the bone, generating a whitening
zone between the nail and bone. When force is applied in the negative direction, as shown in the
top diagrams, the tissue is bunched up at the distal end of the nail due to the shear and

compressed due to normal force.

4.3. Lumped-Parameter Dynamic Model

4.3.1. Hemodynamic Model

The bone-nail interaction model in the previous section explains in a qualitative manner
the mechanism by which fingertip forces and posture affect the coloration or blood volume under
the fingernail. While the mechanism varies for different types of forces and postures, the
common denominators are the principles of reddening and whitening. In this section, the goal is

to quantitatively model and simulate the dynamics of the reddening and whitening phenomena.

Based on the anatomical behavior described earlier, a lumped-parameter, hemodynamic
model that captures both reddening and whitening phenomena will be formed in this section.
Three major components are needed for elucidating the hemodynamic behavior: a) capillaries
where the visible blood volume changes occur, b) arterial supply and venous return, and c) a
mechanism that varies fluidic resistance and capacitance in response to pressures applied at the

fingertip.

a) Capillaries
There are two distinct zones of capillaries: the proximal reddening zone capillaries that
are protected by the nail-bone structure, and the distal whitening zone capillaries that are
susceptible to collapse by applied pressure. The capillary network must be lumped to create two

separate capacitive elements in the model, corresponding to these two zones. Figure 70 shows
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the schematic of the lumped-parameter model containing two capacitances representing the

lumped capillaries of the reddening and whitening zones.

Proximal Capillary Capacitance Distal Capillary Capacitance
(Reddening Zone) (Whitening Zone)

< Nail \ | : —

Distal
Surface

Distal
Palmar
Surface

PF2

Soft Tissue (Pulp) by

Venous Capacit
paciiance Palmar
Surface

Ll.l
/ Proximal TP

Figure 70: Hemodynamic Model of the Fingertip
Blood flows from a lumped arterial supply, through parallel lumped capillary
elements, and out through a lumped venous return. Forces applied to the
fingerpad will compress the venous element or the distal capillary element,
modulating the fluidic resistances, which further alters the pressures and flows.

b) Arterial Supply and Venous Return

It is known that the fluidic resistance of the capillaries is an order of magnitude higher
than that of the digital arteries and veins (Guyton, 1981). Therefore, the pressure drop along the
arterial supply and venous return is negligible, and hence all the arteries and veins can be lumped
into single flows from which the capillaries branch out in parallel, as shown in Figure 70. Unlike
the arteries, the veins are not protected by the bone, so the venous return is modeled with a

capacitive element while the arterial supply is not.



c) Variation of Fluidic Resistance and Capacitance

The fluidic resistances and capacitances of the capillaries and veins vary in response to
the pressures applied to the finger. As shown in Figure 70, the venous wall is modeled as a mass-
spring-damper system with parameters my, ky, and by, respectively. Likewise, the capillary
walls are modeled as mass-spring-damper systems with parameters mci, mc2, Kci, ke2, ber, and
bez. The walls deviate from their effective nominal diameters Dy, D¢y, and D¢y by the
displacements Xy, Xci1, and xc2. When pressure Pg acts on the proximal palmar surface of the
fingertip, the wall displacement, Xy, becomes increasingly negative. As the effective venous
diameter, Dy+xv, is thus reduced, the fluidic resistance of the venous return, Ry, increases. This
causes the pressures in the capillary elements, Pc; and Pcy, to increase, which then increases the
displacements of the capillary walls, xc; and Xc2, as shown in Figure 71. As the effective
diameters D¢i+xc; and Dea+Xc2 thus increase, more blood is stored in the capillaries, resulting in
the reddening effect. Changes in x¢; and X also modulate the fluidic resistances in the capillary

elements, Ra; and R,, which further magnifies the reddening effect.

Proximal Capillary Capacitance Distal Capillary Capacitance
(Reddening Zone) (Whitening Zone)

- Nail \ | —

Soft Tissue (Pulp) Distal
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Surface
Venous C acit£ Brosiril Pr2
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Surface

Figure 71: Hemodynamic Model with Proximal Pressure
Force applied at the proximal palmar surface causes the venous element to
collapse. Pressure increases in the capillary elements, causing them to swell.
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(Reddening Zone) (Whitening Zone)
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Figure 72: Hemodynamic Model with Proximal and Distal Pressure
Force applied to the distal palmar surface directly collapses the distal capillary
element.

Behavior of the distal capillary capacitance at the whitening zone, however, differs from
the proximal one when pressure Pg, acts on the distal palmar surface of the fingertip. Since the
bone does not extend all the way to the tip of the finger, pressure Py, directly propagates through
the tissue at the fingertip, resulting in a decrease in the displacement of the distal capillary wall,
Xc2, as shown in Figure 72. In consequence, the effective diameter Deo+Xc2 is reduced and blood

is removed from the distal capillary capacitance, causing the whitening effect.

At this stage a few assumptions underpinning the above hemodynamic model will be

made:

1. The soft tissue (pulp) of the finger can be treated as a virtually fluidic medium to the extent
that external pressure on the fingertip is propagated directly to the veins and to the capillaries
at the front of the nail. Such “waterbed” models have been used in the past to model the
fingertip (Srinivasan, 1989).

2. The bone and nail bed matrix effectively shield the arterial supply and capillaries under the
rear portion of the nail from the direct influence of touch forces (see Figure 41 and Figure
42).
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3. The effects of shear forces and finger bending are neglected.

The model can eventually be expanded to include more than two capillary units,
depending on the hemodynamic behavior of interest and the number of photodetectors that are to
be placed on the nail. The number of locations where input forces are applied can also be

expanded, given a more thorough treatment of the tissue mechanics.

Figure 73 shows a block diagram representation of the fingernail and sensor system that
highlights the inputs and outputs, and the interactions between the hemodynamics and vessel
wall dynamics. They not only interact through the fluidic pressures and flows at the capillary and
venous walls, but also through the modulation of the fluidic resistances by the capillary and
venous diameters, as shown by the feedback loop in the figure. It is this nonlinear effect of the
modulation that is responsible for the reddening phenomenon. The primary inputs to the system
are touch pressures, Pr; and P, while the outputs are the light intensities detected by the

photodetectors. Blood pressures Py and Py, act on the system as secondary inputs or disturbances.

Touch
Pressure
(Modulation Inputs
of Fluidic
Resistances)
k Pressures Light

> Hemo- (el Vessel > Opto- Outputs

dynamics ' Wall chemical
Blood Dynamics Model
Pressure Flows
Inputs
Vessel
Diameters

Figure 73: Model Interactions
The hemodynamics and wall dynamics of the blood vessels interact
dynamically, sharing pressures and flows while the vessel diameters modulate
the fluidic resistances.

Figure 74 shows a Bond Graph representation (Karnopp, et al., 2000) of the
hemodynamic model, which also highlights the subsystems of the model and their interactions.
There are direct power bonds between each vessel wall subsystem and the blood flow subsystem.

The dotted lines show that in addition, the resistances in the blood flow subsystem are modulated
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by the displacements in the vessel wall subsystems. State equations for the system can be

efficiently derived from this bond graph model once the constitutive relations for resistances and
capacitances are derived.
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Figure 74: Bond Graph of Hemodynamic Model
The bond graph model highlights the interactions between the blood flow and
vessel wall subsystems, including power exchange via pressures and flows as
well as the nonlinear effects of the modulation of the fluidic resistances

4.3.2. State Equations and Output Function

In this section, dynamic state equations and output function will be derived for the

hemodynamic network model obtained above. Simple constitutive laws will be assumed for the
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elements involved in the lumped-parameter model. The system contains six elements that store
energy independently; these are the blood vessel capacitances, kci, kcz, and Ky, and the masses of
the blood vessel walls and blood, mc;, mcy, and my. The state variables that are used for locating
the dynamic state of the system are the effective displacements of the capillary and venous walls,
Xcl, Xc2, and Xy, and their time rates of change. Therefore a total of six state variables are

needed:

_ . . . T
X= [xa Xea Xv Xa Xea xv]
As shown in Figure 73, the inputs to the system consist of the upstream and downstream

blood and the external touch pressures applied to the fingertip:

“=[PH P, Py sz]T
The flow in the fingertip is of low Reynold’s number. Therefore the fluidic resistances
can be modeled using laminar pipe flow (Guyton, 1981). The lumped capillary and venous

resistances are given by:

128L
R, (x) = 8L 1M pioou — R,(x) =
Neyw(Dey +x¢y)

128Lcy M p10a
N (Dey + Xy )

ey

Note that the resistances are functions of the state variables, Xc;, Xc2, and Xy, and are
hence modulated by the blood vessel diameters. These are prominent nonlinearities characteristic
to the fingernail sensor system. Furthermore, the stiffness and damping characteristics of blood
vessels are generally nonlinear. To analyze pulsation of hemodynamic behavior, this nonlinearity
must be taken into account. The nail sensor dynamics, however, are not heavily dependent on the
pulsatile dynamics, since the DC components of the photodetector outputs are used rather than
the AC components. Therefore, in this work, linear compliance and damping are used for the

blood vessels.

In reality, blood flow in the capillaries is characteristically intermittent due to a
phenomenon called vasomotion (Guyton, 1981), which refers to the intermittent contraction of
the metarterioles and precapillary sphincters that occurs approximately 5-10 times/minute.

However, so many capillaries are present in the tissues that their overall function becomes
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averaged. The average pressure of the capillaries depends on the arteriolar constriction, the

venous pressure, position of the hand, and temperature (Thomine, 1981). It might be more

appropriate to model each capillary as an on/off switch, with the percentage of capillaries open at

any given time as a function of the pressure. However, the nature of this function (most likely

nonlinear) would be unknown. Equation 1 could even be equivalent to such a model where the

percentage of capillaries open is given by a fourth order function of the pressure. In fact, even

when the percentage of capillaries open is replaced by a first order function of the pressure, the

simulation results that follow are not significantly different.

The state equations are therefore given by:

x=AX)x+BXx)u

where:
[0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1
_ ke 0 0 _ R (x) _ R, (x) _ R, (x)
A(x) = mCl mCl mCl mCl
0o ke o _R® Ry® Ry
Me, me, M, Me,
0 0 kR Ruy® Ru(®)
L mV mV mV mv
0 0 0 0 ]
0 0 0 0
0 0 0 0
B(x)= BM(X) B42(X) 0 0
By(x) By(x) 0 - Aca |
4 Me,
B (x) By(x) - —- 0
L my, d

R, (X)=bg + AR, (x)[l _Ry®[R,(X)+Ry, +R, (x)]J

Ry (X) Ry, (X)
R,, (X)[Rm (x)+ Ry, + R, (X)]j

R,,(x)=b., + AéZRAZ(x)(l -

RV (X)RTm‘al (X)
2
R, (x) = b, +2 Ry () +RRV] ]([f)“ ®)+R,,]
Total
R, (x)= AciAcy Ry ()R 4, (X)
RTotal (X)
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Ry (x) =

AcAVR (X)[RAZ (x)+ sz]

RTotal (X)

A AvRy, (X)[RAI (x)+ Ry, ]

R (0= R, ., (X)
Total

B, (x)= Acy 1— R, (x)[RAZ (x) + sz]
; R, (%) Ry, (%)
AcRy (X)[RAZ (x)+Ry, ]

Mey

B, (x)=

MRy (X) R,y (X)

351 (X) — C2

|

Me,

B, (x)=

B, (x) =

ey (| Ru )[R, (x) +R,,]
RV (X)RTotal (X)
ARy, (X)[Rm (x)+ Ry, ]
me,R, (X) Ry, (X)
AR, (X)+R,,(X)+R,, +R,,]

mV RTntal (X)

Ay (X)[Rm (x) + Ry, ][RAZ (x) + sz]

B, (x) =

mV RV (X) RTntal (X)
[RAI (x)+ Ry, ][RAz (X)+Ry, ]

Ry, (X) =Ry (X)+ R, (X)+ Ry TRy, +

R, (x)

All of the model parameters are listed below and their values are estimated to order of

magnitude based on physiology literature (Baran and Dawber, 1994; Smith et al., 1991, 1 and 2;
Guyton, 1981; Bollinger, et al., 1974; Coffman and Cohen, 1971; Foucher, 1991; Maricq, 1963;

Richardson, 1982) and on observable behavior.

Kci =Ke, = capillary wall stiffness ~ 10° N/m

Ky = venous wall stiffness ~ 10° N/m

mc; = mgc; = capillary wall and blood inertia ~ 103 kg
my = venous wall and blood inertia ~ 10 kg

bci =bey = capillary wall damping ~ 10* N-s/m

by = venous wall damping ~ 10> N-s/m

Aci = Acy = capillary surface area ~ 10 m?

Av = venous surface area ~ 10 m?

D¢ = D¢y =nominal capillary diameter ~ 10° m

Dy = nominal venous diameter ~ 10* m

Lci =Ly = capillary length ~ 107 m

Lv = venous length ~ 102 m

Nci = N¢z = number of capillaries ~ 10°

Ny = number of small veins ~ 10?

Uplood = blood viscosity ~ 3x107 Pa-s

Rvi =Ry, =lumped venule resistance ~ 10" Pa-s/m’
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e Py = upstream blood pressure ~ 10* Pa (gage)
e P; = downstream blood pressure = 0 Pa (gage)

Finally, the optical portion of the model should be included as an output function relating
the diameters of the capillary elements to the output of the photodetectors. For transmission of

light through a solution, the Beer-Lambert Law can be applied, as shown by equation (3):

-A
Loyt = 1Iine (3)

A=LCe

where:

Lt = output light intensity

[i, = input light intensity

A = absorption

L = path length

C = concentration of absorbing substance

£ = absorption coefficient = (L), where A = wavelength

~ 1 mm
LED F—

Photodetector

‘& Tissue ~2-3mm

Figure 75: Optical Model

This rough model can be used to estimate an upper bound on the path length of
the light through the capillaries. At most, the path length, L, through the
capillary region is ~ 1 mm.

In the case of blood, corrections are often made for scattering effects (Steinke and
Shepherd, 1986). However, in the case of capillaries, scattering is negligible, since the number of
layers of blood cells is few in each capillary (Guyton, 1981). Furthermore, it can be assumed that

the capillaries are small and evenly distributed, such that the nail bed can be treated as a

continuum having a uniform blood concentration (Van Gemert, et al. 1989), as shown in Figure
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75. These conditions allow us to apply the simple Beer-Lambert law to the fingernail. Since the
output voltage of the photodiode circuit shown in Figure 14 is directly proportional to the

incident light intensity, equation (3) can be rewritten as:

Vp =V +Vje LCE @)
where Vp is the photodetector output, Vj is a bias voltage and V; is a proportionality constant.
Vo is due to the light directly reflected back to the photodiode from the surface of the nail
without passing through the capillaries of the nail bed, and V; depends on the photodiode
sensitivity, LED brightness, tissue absorbance, and vafious optical losses. The blood
concentration C in the above equation can be expressed as the ratio of the blood volume in the

capillaries to the tissue volume:

c = VBlood _ NcLcm(Dc + xc)? )
VTissue 4VTissue

Applying the above to each of the reddening and whitening zones and substituting it into

equation (4) yields the output voltage of each photodiode:

Vp; =Vp; +V1ie—a"(DC"+xC")z, i=12 (6)
N i L
o = meLiNgilei (7)
4VTissue,i

By estimating the values of the constants in o to order of magnitude, it is possible to
further simplify the optical model. N¢ and Lc, the number and length of capillaries, are already
estimated above from medical literature. The volume of capillary tissue can be estimated as
Vrissue ~ (1072 m)(1072 m)(10° m) = 107 m®. The absorption coefficient is € = 460m™ from the
literature (Takatani and Graham, 1987) for the isobestic wavelength. As shown by Figure 75, we
can estimate the path length L to be ~ 1 mm, irrespective of the exact trajectory that the reflected
light takes. Thus, the product of a and (D¢ + xc)® is on the order of 10, Taking the first two

terms of the Taylor expansion of the exponential, equation (6) reduces to:
’ ’ 2
Vpi =Voi =V1i(Dci + xci) (®)
Thus the output voltage of each photodetector is proportional to the square of the

effective diameter of the capillary capacitance beneath it. The output function given by equation

(8) can be applied to the states in equation (2) in order to simulate the photodetector response to
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various touch inputs. The simulations can then be compared to experimental data to empirically

determine V{j and V/ for each photodetector.

4.3.3. Simulation

The hemodynamic and optical models derived above are now simulated using the
parameter values given in the previous section. First, a step pressure Pg; is applied only at the
proximal palmar surface as shown in Figure 70. The responses of the hemodynamic and optical
models for a range of equally spaced magnitudes (0.1 N/cm?) of touch pressure are shown in
Figure 76. At time t = 0, the positive step pressure is applied, and then at time t = 2 seconds, the
pressure is stepped back to zero. As expected, the touch pressure causes the venous capacitance
to contract in diameter and the capillary capacitances to expand in diameter, resulting in the

reddening effect described earlier.

The results of the simulation show a characteristically nonlinear behavior. Firstly, the
steady state diameters are not linearly proportional to the touch force magnitude. Secondly, the
capillary diameters, which are of primary interest, respond much more sluggishly at lower force
levels. In fact, the step response back to zero force is much slower than the step response up to a
positive force. The venous diameter, on the other hand, responds just as quickly to the negative
step as to the positive step. Therefore it is concluded that the asymmetry of the arterial behavior
is related to the nonlinearity of the fluid dynamics between the arteries and veins. Specifically,

the smaller fluidic resistance at low force slows the system response.

Figure 77 shows the step response of the two photodetectors for simultaneous step inputs
at both the proximal and distal palmar surfaces. At time t = 0, a step pressure is applied, and at
time t = 2 seconds, it is released. As expected, the output of the proximal photodetector
decreases (reddening effect) and the output of the distal photodetector increases (whitening
effect). While the output of the proximal photodetector still behaves nonlinearly, the output of
the distal photodetector demonstrates a more linear behavior, with approximately equal loading
and unloading response times. This indicates that the response of the distal capillary capacitance
is dominated by the direct mechanical influence from the touch pressure, rather than by the

fluidic interactions.
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Figure 76: Simulated Dynamic Response to Step in Py,
Increasing pressure at proximal palmar surface causes capillaries to swell.
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Figure 77: Simulated Dynamic Response to Steps in Py, and Py,
When pressure is increased both proximally and distally, the proximal
capillaries swell (reflected light decreases) and the distal capillaries collapse
(reflected light increases) as expected.

Figure 78 shows the steady-state relationships between the photodetector outputs and the
touch pressure inputs. When touch pressure P is applied at the proximal surface, the proximal
photodetector voltage Vp; decreases roughly linearly and then levels off at approximately 1
N/cm?® of touch pressure. When touch pressure Pg, is applied at the distal surface, the distal
photodetector voltage Vp, at first increases steeply up to 0.1 N/cm?, then gradually increases

linearly, and finally levels off just beyond 1 N/em?.

86



Photodetector Outputs

—_
T

0.8

0.6

Unscaled, Unreferenced Voltages Vpi, V2

Vp2 VS. P]:z
0.4 -
Vp1 VS. P}:l
02t 7 /
O '} 1
0 0.5 1 15

Touch Pressure Pg;, P, [N/cm?]

Figure 78: Simulated Static Response to Pg; and Py,
Steady state responses from Figure 77 are compiled to show photodiode outputs
vs. increases in proximal and distal touch pressures.

4.3.4. Experimental Comparison

In order to test the validity of the model, static and dynamic experiments are performed
using the prototype nail sensors. Data is collected for eight human subjects of varying gender and
skin color. The subjects are instructed to apply the forces themselves against the force
measurement platform described in Chapter 3. As before, the force readings are fed back to the

subject using a visual display, allowing the subjects to monitor and control the applied force.

Figure 79 shows the experimental steady-state response of a proximal photodetector to
touch force applied normally at the proximal palmar surface of the fingertip. For this experiment,
the subject is instructed to slowly cycle the force between 0 and 2 N ( ~ 20 Hz). The plot shows
the average results of three cycles for each subject, and the average of all the subjects. As
expected, an approximately linear decrease is observed up to about 1 N, past which the output
exhibits a nonlinear leveling off. By tuning the previously unknown offset and scaling
parameters in equation (8), the simulated response can be fitted to the experimental average, and
is plotted overtop as a dashed line for comparison. The magnitude and range of sensitivity vary
across the subjects, but the behavior is similar. Certain subjects show a slight increase in voltage

at large force due to encroachment of the whitening zone, an effect not included in the model.
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Figure 79: Experimental Static Relationship for Proximal Pressure
Eight human subjects of varying gender and skin color apply a normal force to
the fingerpad. As expected, a proximal red zone forms and the output of the
proximal photodetector decreases. Sensitivities vary in magnitude between the
subjects, but the range of sensitivity and the general behavior is the same.

Figure 80 shows the corresponding dynamic response to proximal touch force for subject
2 (dark skin, static sensitivities close to average) and subject 3 (light skin, static sensitivities far
from average). The subjects are instructed to apply a step force as quickly as possible, maintain
it, and then release as quickly as possible. Although the sensitivities differ, all eight subjects
show time constants that are at least as fast as that of the measured input force (average 7| = 0.16
s for loading/0.12 s for unloading). The model time constants are first tuned to match the subjects
by adjusting the stiffness and damping parameters of equation (2) within an order of magnitude.
The model is then calibrated to each subject by tuning the scaling and offset parameters of
equation (8). The model response to the measured forces is simulated and plotted overtop as

dashed lines for subjects 2 and 3.
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Figure 80: Experimental Dynamic Response to Proximal Pressure
Dynamic experiments for the same eight subjects show that the reddening effect
has comparable time constants for both loading and unloading.

Figure 81 shows the experimental steady-state response of a distal photodetector to touch
force applied at the distal palmar surface of the fingertip. As expected, an approximately linear
behavior is observed up to about 1 N, past which the output exhibits a nonlinear leveling off. In
this case, while the magnitude of sensitivity varies across subjects, the range of sensitivity is very
consistent. The slightly positive slope beyond 1 N is a result of the widening of the whitening

band, an unmodeled effect.

Figure 82 shows the corresponding dynamic response to distal touch force for the same
two subjects. As before, the model response is calibrated to the experimental response for each
subject and plotted overtop as dashed lines. Compared to proximal touching, the time constants
here are noticeably longer (average T, = 0.18 s for loading/0.36 s for unloading). On average,
subjects exhibit a much longer time constant for unloading than loading, most likely due to

unmodeled creep behavior of the distal finger pulp.
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Figure 81: Experimental Static Relationship for Distal Pressure
As expected, the output of the distal photodetector increases with increasing
force, corresponding to the distal whitening effect. As before, the sensitivities
vary in magnitude between the subjects, but the range of sensitivity and the
general behavior are the same.

At this point, the principal limitation in comparing simulations and experiments is that
the simulations assume that two distinct, uniformly distributed pressures are applied to the
proximal and distal palmar surfaces of the fingertip; whereas in our experiments, a single lumped
force is applied and it is not known how the pressure is distributed across the fingertip. However,
the comparison does show agreement between experiment and simulation in terms of general

static and dynamic behavior.
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Figure 82: Experimental Dynamic Response to Distal Pressure
Dynamic experiments show that the whitening effect has slower average time
constants than the reddening effect, particularly for unloading.
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5. PREDICTOR DESIGN AND CALIBRATION
5.1. Black Box Modeling

5.1.1. Introduction

In Chapter 4, a nonlinear, physically-based, dynamic model was created that is capable of
relating normal force to photodiode outputs in a physically meaningful way. The bone-nail
interaction mechanism could in principle be used to extend this physical model to account for
shear forces and bending in addition to normal force; however the effort required to accomplish
this is beyond the scope of this thesis. Instead, the goal of Chapter 5 will be to develop a purely
mathematical or data-driven “black box” model that can predict the variables of interest, but
whose parameters have no known physical meaning. The model will be static, i.e. it will not have
any dynamics or time-dependency, but will simply predict the variables of interest as a function

of the photodiode outputs.

Several issues must be addressed and dealt with in this chapter in order to design and
implement this black box predictor. Section 5.1 will address the issue of how to structure the
predictor and model the input-output relationship. Specifically, the difficulty of simultaneously
predicting forces and posture will be dealt with, as well as the uncertainty in how to best
represent the input-output relationship. Section 5.2 will address the issue of how to calibrate or
tune the predictor for multiple users. Specifically, method, constraints, trajectory, and protocol
must be designed in order to consistently generate an accurate and properly distributed set of
training data. Finally, in Sections 5.3 and 5.4, the performance of the predictor will be analyzed

and used to suggest improvements in sensor design.

5.1.2. Modeling Goals

The preliminary experiments conducted in Chapter 3 show that the nail sensor prototype
responds with different patterns to changes in normal force, F,, lateral shear force, F,
longitudinal shear force, Fy, and bending angle, 6. Recall that the bending angle 6 is actually J»,
the angle of the PIP joint, which has been chosen to represent the coupled flexion of the DIP and

PIP joints. The goal of this chapter is to design a multi-input, multi-output predictor, as shown in
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Figure 83, which receives the eight photodiode signals and outputs predictions of the four

variables just mentioned.

Normal Force, F, J

Lateral Shear Force, Fy I

Longitudinal Shear Force, Fy |

Bending Angle, 0 (J,) I

LED and Photodiode Arrays

- Photodetectors
B LEDs

Figure 83: Force and Posture Predictor
The goal is a model that can predict three axes of forces and the bending angle
based on the outputs of the eight photodiodes.

Since the model parameters will vary from user to user, the model will be calibrated by
experimentally tuning the parameters for each user. To calibrate the model of Figure 83 so that it
can predict any combination of touch force and bending angle, all four variables of interest
should be simultaneously varied in different combinations while the photodiode outputs are

recorded. However, this leads to three major problems:

1. It is extremely difficult to simultaneously vary the three forces and bending angle in a

controlled manner.

2. When force is applied to the fingertip, the angles of the DIP and PIP joints are no longer

coupled and can vary independently.

3. It is difficult to simultaneously measure the touch force and bending angle, since the force

measurement platform and posture tracking system are difficult to physically coordinate.

The solution to these problems is to place a smaller demand on the functionality of the
model—i.e. the model should predict either touch or bending but not both simultaneously. To
justify this reduced functionality, the application of the sensor must be limited to situations

where either touch or bending may occur but not both simultaneously. Indeed, this is just the
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functionality required for the wearable mouse application described in Chapter 6, and mentioned
in Chapter 3 as an acceptable compromise between the minimum functionality of a virtual switch
application and the maximum functionality of a comprehensive skill monitoring application. As
far as the device is used as a computer mouse, it is reasonable to assume that the operator will
not try to execute simultaneous bending and touching actions. Therefore, it will be assumed that
bending and touching are exclusive actions. Specifically, the bend angle will remain constant
when force is applied, and the force will remain zero when bending occurs. Furthermore, as
before in Chapter 3, we will constrain the contact angles to remain zero during touching by
directing the operator to push the fingerpad flat against the surface to maximize the contact area

and stability.

By limiting the functionality of the sensor in this manner, a new model is proposed as
shown in Figure 84. The photodiode signals are first sent to a touch/bend discriminator, which
decides whether touching or bending is occurring, and then passes the photodiode signals to
either the touch predictor or the posture predictor. The two predictors can then be calibrated

separately.

LED and Photodiode Arrays

. Photodetectors
B LEDs

Figure 84: Touch/Bend Discriminator and Predictors
By limiting the functionality of the sensor, the complex model of Figure 83 can
be replaced by three simpler models.

To make the model simpler, the functionality of the discriminator can be embedded into
the touch predictor itself, as shown in Figure 85. Whenever the touch model predicts normal

force below a certain threshold, touching is assumed to be nonexistent and the posture model is
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allowed to function. Otherwise, the posture model predicts constant bending angle. In either
case, the force predictions are valid. In order for this to work, the touch predictor must be
trained to predict zero normal force in the presence of bending. This requirement is feasible and

will be addressed in the calibration section of this chapter.

B Photodetectors

Figure 85: Dual Touch/Posture Predictor
The discriminator of Figure 84 can be eliminated by using the predicted normal
force to turn the posture predictor off and on.

Finally, the internal structure of the dual predictors of Figure 85 needs to be addressed.
Since the degree of nonlinearity of the real fingertip system is unknown, three types of predictor

models will be explored, each having a different degree of nonlinearity.

5.1.3. Linear Model
The simplest model that can be used for the dual predictor is a linear model. Each

variable of interest will be a linear combination of the outputs of the eight photodiodes:
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where P is an 8x1 vector of photodetector outputs, F is a 3x1 vector of force predictions, 0 is
the bending angle prediction. Jr and Jg are the 3x8 and 1x8 experimentally determined Jacobian
matrices. Fo and 6, are the experimentally determined force and bending offsets, Fp, is the
chosen normal force threshold below which touching is assumed to be nonexistent, and Orouch 1S
the constant bending angle that is assumed when touching does occur. To determine the Jacobian
matrices and offsets, two separate multivariate linear least squares regressions are performed
using experimental training data (Johnson and Wichern, 1988). Each regression assumes a model

of the form:

Y=BZ+¢ (10)
where Z is a matrix of photodiode data, Y is matrix of force or bending data, and € is the residual

vector. The least squares solution is given by
p=YZ"(ZZ")" (11)
For the touch model, equation (10) becomes

Z, ]

1|—|+8F (12)

Y Z[JF Fo{

where Zp is an 8xn matrix of photodiode data, Yr is a 3xn matrix of force data, and n is the
number of data samples. The Jacobian and offset are given by the least squares solution, where

equation (11) becomes

b: Rl=Y:2,Z,Z;)" (13)

Likewise, for the bending model, Equation 10 becomes

z,
Y, :[Je 00{ 1 |}

where Zp is again an 8xn matrix of photodiode data, Y is now a 1xn matrix of bending data, and

+&, (14)

n is the number of data samples. The Jacobian and offset are again given by the least squares

solution, where equation (11) now becomes

[Je 60]=Ye ZPT(ZPZ;)_I (15)
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After computing least squares solutions for both touch and bending, the Jacobians and
offsets can then be used in equation (9) to predict forces and bending angle based on new

photodiode readings.

5.1.4. Polynomial Model

In order to achieve a model that fits the data more closely, nonlinear regressions could be
performed. However, because of the multiple dimensionalities of the data, it is difficult to
postulate what type of nonlinear functions might be suitable to fit the data. Since preliminary P
vs. F data in Chapter 3 shows some curvature, it is reasonable to try a polynomial model. The
more terms in the polynomial, the better the model can fit the curvature. As a start, we can try a
second-degree polynomial model, the most comprehensive of which includes all the squares and

cross products of the photodetector readings (Rawlings, 1988). equation (9) can be rewritten as:

R’jj >

=J:P, +F,

[=5H
il
> T

(16)

o~

G=7, _[ 3P, +6,, F, <me}
ieTouch’ Fz 2 Fmin

where Pq is the 44x1 vector [Py, Py, ..., P, Pi%, PPy, PiPs, ..., PPg, P2, PoPs, ..., PoPg, ... Pg]".

As before, two separate 3x44 and 1x44 regressions are performed using experimental data for the

touching and bending, respectively. The Jacobians and offset matrices are computed as before,

except that Zp is now a 44xn matrix containing n samples of Pq.

5.1.5. Neural Network Model

Neural network models can also be used to approximate a variety of nonlinear functions.
Figure 86 shows a schematic diagram of a basic three-layer feedforward neural network model
(Haykin, 1999; Demuth and Beale, 1994) that can be used to predict the three touch forces based
on the eight photodiode signals.

The input layer on the left consists of the eight photodiode signals. The hidden layer

consists of a chosen number of nodes, N, where the output of each hidden node is a function
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(typically nonlinear, such as fansig or logsig) of the weighted sum of photodiode signals. For

example,

2

+e

-1 (17)

-2x

H =tansig(W,P+b,), tansig(x) = "

where P is the 8x1 vector of photodiode signals, H is the Nx1 vector out hidden layer outputs,

Wp is an Nx8 matrix of weights, and by is an Nx1 vector of biases.

Input layer

8N+3N = 11N weighting parameters
P1 N+3 bias parameters
12N+3 bias parameters

Output layer

Hidden layer (N nodes)
b

Figure 86: Feedforward Neural Network Model
A three-layered Neural Network can be trained to predict the three forces using
the eight photodiode readings.

The output layer then computes the three forces, where each force is a function (typically linear)

of the weighted sum of the outputs of the hidden layer. For example,

F=W,H+b, (18)
where F is the 3x1 vector of force predictions, Wy is a 3xN matrix of weights, and bg is a 3x1

vector of biases. As shown in Figure 86, there are 11N weighting parameters and N+3 bias
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parameters, resulting in a total of 12N+3 parameters. A smaller, separate network with only one

output node and 10N+1 parameters will be constructed to predict the bending angle.

Each neural network model is “trained” with the Matlab Toolbox (Demuth and Beale,
1994), which uses a backpropagation algorithm where a set of training data (consisting of many
samples of photodiode signals and corresponding forces) is repeatedly presented to the network.
The predicted forces (or bending angle) are compared to the actual forces (or bending angle) and
the errors are propagated backward through the network and used to modify each of the
weighting parameters. One epoch of training is defined as a single presentation of the entire set
of training data. Typically, several epochs of training are performed. There are a couple of

important features of the neural network that must be treated with caution.

a) Number of Hidden Nodes

By increasing the number of nodes in the hidden layer, or the number of hidden layers,
the network can become more flexible and better approximate the real nonlinear system.
However, with too many nodes, the computation time becomes impractical, more training data is
needed, and most importantly, the error actually worsens. In order to find the optimal number of
nodes in a single hidden layer, the number of nodes should be iteratively increased as the
performance of the training is monitored. After each epoch, the mean squared error (MSE) of the
training data is checked. For small number of nodes the MSE will reach a minimum and plateau
there as the number of epochs increases. When the number of nodes becomes too many, the MSE

will first decrease, but then increase with more and more epochs.

b) Number of Epochs

Even though the MSE of the training data may continue to decrease as the number of
training epochs increases, the neural network may become over-trained. The network begins to
train itself to the noise in the training data, which is unique to that particular set of training data.
As a result, the network does not generalize well and results in large errors when presented with
new data that was not part of the training. In order to avoid over-training, a set of validation data
is typically used in addition to the set of training data. After each epoch, the MSE of the
validation data is checked. When the MSE of the validation data no longer decreases, the training

is halted.
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5.2. Calibration

5.2.1. Method

In this section, a method will be developed to calibrate the dual force/posture predictor of
Figure 85 for each individual user. In order to calibrate the predictor using any of the three types
of models (linear, polynomial, neural network), two separate sets of training data are needed: one
for the touch predictor and one for the posture predictor. Each training set consists of a number
of data samples. For the touch training, a data sample consists of a reading from each of the eight
photodiodes and corresponding values of the three touch forces as measured by the force
measurement platform. Similarly, for the posture training, a data sample consists of a reading
from each of the eight photodiodes and corresponding value of the bending angle as measured by

the posture tracking system.

To calibrate the posture predictor, it is a simple matter to generate a set of training data
spanning the usable range of finger flexion/extension. However, in order to calibrate the touch
predictor to predict any combination of touch forces, the training data should be distributed
across the entire usable portion of the three-dimensional force space. Therefore, a means is
needed to prompt the user to fully explore this space during the training session. Since it is
difficult for a human to apply desired forces simultaneously in three dimensions, the desired
forces and the actual forces (measured by the experimental platform) should be visually
presented to the user in a maximally intuitive manner. The human can then act as a natural
feedback controller to apply the prompted forces. In the past, three-dimensional force
information has been visually presented using a pseudo-perspective view with horizontal,
vertical, and diagonal bars representing each of the forces (Sheridan, 1992). However this
requires the user to track three different positions on the screen at once. Instead, to achieve a
more intuitive feedback, the information should be presented in such a way that the user must

only track a single position on the screen.

Figure 87 shows a graphic user interface (GUI) programmed in Java that will be used as
an intuitive force prompter. Since a two-dimensional screen must be used to display three
dimensions of forces, two of the three dimensions of force are represented by position, while the

third dimension is represented by color. The small colored circle in the center of the white
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display represents the actual force applied. The colored ring represents the desired force
generated by the prompter. The goal of the user is to keep the circle within the ring and match
the color at the same time, while the prompter moves the ring along a prescribed trajectory. The
x-positions of the circle and ring represent lateral shear force, Fy, the y-positions represent
longitudinal shear force, Fy, and the colors represent normal force, F,. The rainbow-colored bar
on the right side of the GUI provides an alternate, redundant display of normal force. The
vertical position of the triangle represents the desired normal force/color, while the position of
the horizontal line represents the actual normal force/color. When the triangle and line are

aligned, the colors of the circle and ring will match.
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Figure 87: Graphic User Interface for Calibration
The user must keep the circle in the ring and match the color in order to fully
explore the 3-dimensional force space during calibration.
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In the previous section, it was mentioned that the touch predictor must also be trained to
predict zero force in the presence of bending. Therefore, the GUI in Figure 87 also includes a
posture prompt in the form of a graphically illustrated finger. After the touch prompting is
complete, the user is promptéd to bend the finger in synchronization with the finger on the
screen, while readings of zero force are registered. The training data for the force predictor then
contains a number of samples with zero force, whose photodiode readings correspond to finger
bending. The posture prompt can also be used to help generate the training data for the posture
predictor. As the user bends the finger in synchronization with the prompt, data from the
photodiodes are recorded, and the actual posture is monitored using the video tracking system.
Since the actual values of the bending angle are computed offline from the video tracking, they
cannot be fed back in real time to the user as part of the GUL. However, the user can visually

compare the actual finger posture with that of the prompter.

With both the force prompter and the posture prompter, it is not critical that the actual
force/posture is identical to the prompted force/posture. The training data always consists of the
actual measured force/posture values. The prompts are only a guide for fully exploring the force

Space and posture space.

5.2.2. Constraints

Now that the calibration method has been established, the constraints on this method
must be addressed. Using the GUI described above, the calibration training data will be collected
as the user is prompted to explore the entire usable portion of the 3-D force space and 1-D
posture space. Here, the usable portion or range of the force space and posture space will be

defined, as well as the speed in which they should be explored.

a) Range of Calibration

The usable portion of the force space is constrained by three factors:
1. The range of forces that a human can comfortably apply and control.
2. The range of sensitivity of the fingernail sensor.

3. The coefficient of friction of the finger against the surface of contact.
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A number of references discuss the capability of the human to apply normal forces with
the fingertip. As reported in Pawluk and Howe (1999), normal forces in the range of 0 to 2 N are
most relevant for examining the response of the fingerpad during grasping (Westling and
Johansson, 1987) and are also the typical forces in typing (Martin, et al., 1996). According to
Jones (1998), a human is capable of controlling a constant force in the range of 2 to 6 N with
average error of 6% using visual feedback in addition to natural haptic sense. However, when
shear force is added, the maximum normal force that a human subject can comfortably apply for
an extended time (i.e. a few minutes) is about 3 N. The preliminary experiments conducted in

Chapter 3 indicate that this is within the range of sensitivity of the fingernail sensor.

The ability of the human to apply shear forces depends on the coefficient of friction
between the finger skin and the surface of contact. To maximize the shear force during
calibration, the experimental platform is covered with a soft rubber material, resulting in a static
coefficient of friction of approximately 0.75. Therefore, if the normal force ranges between 0 and
3 N, the total shear force can range between O and 2.25 N. The preliminary experiments
conducted in Chapter 3 indicate that this is well within the range of sensitivity of the fingernail
sensor. Shear forces are easiest to apply when the fingerpad is flat against the surface, which
usually requires the finger to be in a straight extended posture. Therefore the angles of the MIP
and DIP joints should be constrained to be equal to zero during touching. (This implies that
OTouch, the constant bending angle that is predicted by the model when touching is nonexistent,

should be equal to zero).

The usable range of finger bending is limited by the natural limit of extension (~ —5°)

and flexion (+90°). An additional constraint is that the finger should not flex so far as to touch

the palm, which might produce sensor measurements that are too similar to touching. Therefore

the range of bending will be constrained to —5° <@ <75°.

b) Speed of Calibration
To make calibration of the fingernail sensor as convenient as possible, the total training
time should be minimized. However, the speed of calibration is also constrained by the dynamics

of the fingertip system. If the user is prompted to explore the force space too quickly, the sensor
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response will lag too much behind the applied force due to viscoelastic dynamics. If the user

explores too slowly, the response may err due to long-term poroelastic creep.
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Figure 88: Dynamic Lag
The actual photodiode output lags behind the expected photodiode output
according to the slowest time constant of the system.

In principle, if the fingertip dynamics can be approximated as a linear system that is

dominated by its slowest mode or “dominant pole” with time constant Ty, and the force is
changing at a rate F , then the sensor outputs will be delayed by Tmax, as illustrated by Figure 88

(Ogata, 1990). The error in the photodiode output will beP7__, as if the applied force F were

actually F — F r__ . If this apparent error in force is expressed as a percentage of the applied

force,

% error = ff;n‘;u = f Trpax (19)

where fis the percent rate of change of force. Therefore, if the time constant is known and a limit
is set on the allowable percent error in force, the maximum f can be calculated and used as a

constraint on the speed of the prompter.

The experiments at the end of Chapter 4 indicate that the effective time constant of the
sensor response is between 0.1 and 0.4 seconds. This is comparable to the viscoelastic time
constants of the fingerpad determined by Pawluk and Howe (1999). They reported three stress
relaxation modes with time constants of 4 ms, 70 ms, and 1.4 s, with respective magnitudes of
0.41, 0.18, and 0.15. Thus 75% of the dynamics settle within approximately 0.1 seconds.

Therefore, if the % error in equation (17) is specified to be 10%, and Tmax = 0.1 s, then the

104



allowable percent rate of change of force is 100% per second. For example, at a force of 1 N, the

allowable rate of change is 1 N/s.

On a longer time scale, soft hydrated tissue may exhibit poroelastic creep. According to
Holmes (1986), the time constant for such behavior is on the order of 10 minutes. If the total

training time is limited to two or three minutes, poroelastic creep should not be an issue.

5.2.3. Trajectory Design

Now that the calibration method and constraints are well defined, the calibration
trajectory can be designed. This is the trajectory that the force prompter will execute within the
GUI of Figure 87 in order to lead the user to explore the entire force space while training data is
collected. The force space to be explored consists of a three dimensional cone defined by the

constraints of maximum normal force and frictional shear force, as depicted in Figure 89.
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slope = 1/pn

F Fy

X
Figure 89: 3-D Force Space
According to the law of Coulomb friction, the possible shear forces are limited
by the normal force, and the 3-D space of possible forces has a cone shape.

To efficiently explore this cone-shaped space, an upward moving, spiraling and circling
trajectory can be designed as shown in Figure 90. As the normal force gradually increases from
zero, the magnitude of shear force periodically increases and decreases while the direction of the
shear force circles around. Due to the frictional constraint, the range of possible shear force

increases linearly with normal force. However the training data should be spread uniformly
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throughout the cone-space in order to create a predictor that is not biased toward any specific

portion of the space (unless a specific application suggests otherwise).

F, NI

2 )
Fy NI Fy [N]

Figure 90: 3-D Calibration Trajectory
A circling, spiraling trajectory is designed to explore the 3-D force space.

The training data can be specified to be of uniform density in either cylindrical
coordinates or Cartesian coordinates. If cylindrical coordinates are chosen, the predictor will be
unbiased in terms of magnitude and direction of shear force; whereas if Cartesian coordinates are
chosen, the predictor will be unbiased in terms of the magnitudes of the individual shear force
components. Which method is chosen depends on the application of the predictor. In either case,

the training data should be uniform in magnitude of normal force.

In order to create a set of training data with a uniform cylindrical density, the time spent
to explore the range of shear force needs to increase linearly with normal force. This relationship
can be expressed in differential form by the following equation, which includes the boundary

condition that the maximum normal force is reached at time T.

dt =aF,dF, t=T = F,=F™ (20)
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Figure 91: Calibration Trajectory — Radial Temporal Oscillation
The prompt must spend more time at larger normal force for uniform density.
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Figure 92: Calibration Trajectory — Radial Spatial Oscillation
The shear force oscillates back and forth between the limits imposed by
Coulomb friction.
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Integrating and applying the boundary condition gives a formula for normal force as a

function of the square root of time:

F, = F& ,//T FMX =3 N, 1)

where F," is given as shown by the range constraint, and T will be determined later from the

speed constraint. Next, in order to create the spiraling action, the magnitude of the shear force,
F;, should oscillate between the minimum and maximum possible values, = 4 F,. In order to

create a uniform predictor, the rate of change of F, should have constant magnitude. This
requires F; to be a cyclic function that alternately increases and then decreases linearly with t, as
shown by the sawtooth function in Figure 91. However this would result in a jerk in motion

whenever the rate of change of F; switches direction. Instead, if F; is given by

F, =uF sin2r f F,), #=0.75 f, =10, (22)
then F; oscillates smoothly between the parabolic limits while approximating the ideal sawtooth
function, as shown in Figure 91.Viewed as a function of F,, F; oscillates with a constant spatial
frequency f; along the F, axis, as shown in Figure 92. The spiraling frequency, f;, controls how
often the trajectory spirals in and out from the center of the cone as F, increases. A fast spiraling
frequency will make the trajectory denser across F,, but will require a faster radial speed. A
value of f; = 1.0 creates one cycle of radial oscillation per unit of normal force, as shown in

Figure 92.

Finally, in order to create the circling action, the direction of the shear force should rotate
around. In order to create a uniform predictor, the speed of rotation should be constant. The
lateral and longitudinal components of the shear force are thus given by

F,=F sin(2x f,t
Fj, = Frr cos((Zﬂ'J;:c t)) 23)
where f, is the circling frequency. The ratio of the circling frequency to the radial velocity
determines how many times the trajectory circles around for each unit of radial motion. To

uniformly cover the force space, the circling frequency should be high enough to complete one

or two circles per unit of radial motion, as shown in Figure 93.
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Figure 93: Calibration Trajectory — Spiraling and Circling
The shear force circles in direction as it oscillates in magnitude.
Assuming the circling action takes place much faster than the radial motion and the z-
motion, the magnitude of the rate of change of force can be approximated by its tangential
component. Thus from equation (23), the percent rate of change of force is approximately 27f,.

The speed constraint can then be used to choose f.:

-1
1 o =015H; 24)
T

22 fe < fmax = fe <

This then places a constraint on the radial velocity, which must be slow enough to allow
one or two circles per unit of radial motion. From equation (22), the maximum radial velocity

occurs when F; = 0, and is given by

max 2
Max(d:;r )___ ﬂ”fs(]{?z ) _ (25)

To ensure the time to complete one circle is less than the time to move one radial unit, the

following equation must be satisfied:
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max 2
1. r o s M) o405 (26)

fo  pmf (FM™)? fe

Thus, by choosing a total calibration time T = 180 s (3 minutes), the trajectory will
complete slightly more than one circle per radial unit. This is small enough that poroelastic creep
is not an issue and that calibration is not overly fatiguing or impractical. Putting everything
together, the 3-D trajectory of Figure 90 is achieved as shown. If F,"** were chosen to be 2 N
instead of 3 N, then the total calibration time would be only 80 seconds. Thus if the functional
range of the sensor were decreased to 2 N of normal force, the calibration would take less than

half as long.

Finally, the bending calibration trajectory should be specified. Since there is only one
dimension of posture to explore, the joint angle is simply cycled across the constrained range of

values:

6=J,=35 -40° cos(2x f,1) (27)
A bending frequency, f5, of 0.1 Hz should be more than sufficient to avoid exciting any
dynamics. Several cycles should be executed to average out any variations in bending mechanics

that might occur.

5.2.4. Protocol

Now that the calibration trajectories have been derived, the calibration protocol can be

specified as follows:

1. Setup
a. Affix sensor, aligning with tip of finger (not tip of fingernail)
b. Ensure proper adhesion, especially during bending

2. Touching Experiments
a. Make sure force platform is calibrated
b. Position finger to be longitudinally aligned with y-axis of force platform with fingerpad
flat against surface (zero bending angle of MIP and DIP joints: 6=0)
Practice touching and following force prompt
Practice bending over desired range and following posture prompt
Reset prompt and begin data collection
Subject follows force prompt for 180 s
Subject follows posture prompt for 60 s (6 cycles)
Stop and save data

S o Ao
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i. Repeat steps 2e-2h to collect 2" set of data
j.  Build touch predictor using 1% set of data and validate using 2" set
k. Test predictor on new randomly generated set of data

3. Bending Experiments

Affix color markers for video tracking

Practice bending with finger next to time index

Align and focus video camera to record finger and time index

Start video recording, reset prompt and begin data collection

Subject follows posture prompt for 60 s (6 cycles)

Stop and save data

Capture video onto computer

Build posture predictor using 1°* half of data and validate using 2" half
Test predictor on randomly generated data

-

The setup is important in order to ensure that the sensor is aligned properly over the
color-changing portion of the fingernail and will not peel off under the influence of touching and
bending. Separate touching and bending calibration routines are performed in order to build the
touch and posture predictors. The calibration may be repeated as many times as necessary to
train the human subject and validate the predictor. Sets of randomly generated data may also be
used to test the performance of the predictor. This is especially important for the touch predictor,
since the spiral trajectory is such a unique way of exploring the space and may bias the training

in some unforeseen manner.

5.3. Experiments

5.3.1. Touch Predictor

Using the calibration method and protocol detailed in the preceding section, touch-force
predictors were trained for seven different human subjects. Each subject practiced following the
force prompt and then executed the training trajectory three times. The first two times, the data
was collected and used to train the predictor using the linear, polynomial and neural network
models. The third time, the data was collected and used to validate the performance of the
predictors. Results show that the predictor performs significantly better on validation data if
calibrated using two sets of training data. This will be discussed in more detail in the following

section.
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Figure 94: Sample Training Data for Touch Predictor
Sample training data for the touch predictor for a single subject. The data
belongs to one of two consecutive spiraling trajectories that are used to train the
model. The predicted forces using the linear model are superimposed on
experimental forces measured by the 3-axis force sensor.

Figure 94 shows an example of typical training data from a single experiment. The actual
forces are zero for the first 60 seconds as the finger is bent back and forth. Then the normal force
slowly increases in the negative direction while the two shear forces oscillate with increasing
magnitude. The predictions using a linear model are plotted overtop for comparison. The model
performs relatively well in training to Fy, while it has some difficulty training to Fy and F,. The
bending motion also appears to interfere more with the training of Fy and F, Figure 95 shows the
training performance for this sample data. The predicted forces are plotted vs. the actual forces,
with the ideal relationship being a line with slope equal to one. As depicted, the predictions are

scattered about the diagonal with the root mean squared error (RMSE) noted on each figure.

112



FyIN]

trajectory is followed and the forces are predicted based on a linear model that was trained on the
first two spirals. The force predictions are plotted overtop of the actual measured forces. In this

case, there is a slight degradation in the predictor performance, but the predictor still performs
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Figure 95: Sample Training Performance for Touch Predictor

Predicted forces are plotted vs. measured forces for the training data. Ideally, the

data points should all lie on the diagonal.

Figure 96 shows sample validation data from the same subject. Data from a third spiral

well. Figure 97 shows the validation performance.

SVD decomposes the model of equation (9) into its principal modes and shows which
combinations of forces depend on which combinations of photodiode signals (Nakamura, 1991).
The relative magnitudes of the singular values (o), 02, 03) give the relative strengths of the three
principal modes. The top plot shows the contributions of the three forces to each of the three

modes, while the bottom plot shows the contributions of the eight photodiode signals to each of

Figure 98 shows a sample Singular Value Decomposition (SVD) of the linear model. The
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the three modes. The important result is that each of the three modes consists of a different
combination of the three forces and all the modes are relatively strong. Therefore, the model can
independently predict the three forces. In this example, the three modes are each dominated by a
particular force, however this is not true in general for all subjects. Each of the three modes also
depends on a different set of photodiode signals. In general, for all subjects, it is difficult to say

which photodiodes are most important for which forces.
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Figure 96: Sample Validation Data for Touch Predictor
Sample validation data for the touch predictor for a single subject. The data
belongs to third spiraling trajectory that is used to validate the model. The
predicted forces using the linear model are superimposed on experimental data.
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Figure 97: Sample Validation Performance for Touch Predictor
Predicted forces are again plotted vs. measured forces for the validation data.
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Figure 98: Singular Value Decomposition for Linear Model
The SVD shows which combinations of photodetector readings affect which
combinations of forces. In this case, the three forces are fairly decoupled from
each other, but the photodiode readings are not. The ratios of the singular values
indicate that the model is well conditioned.
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Figure 99: Sample Random Test Data for Touch Predictor
Sample test data for the touch predictor for a single subject. The data belongs to
a random user-generated trajectory that is used to test the model. Linear model
predictions are again superimposed.

Finally, Figure 99 shows sample test data using a random trajectory. In this case the
subject began with 20 seconds of bending followed by 100 seconds of random motion through
the force space. The same predictor that was calibrated using the first two spirals was now used
to predict the forces for the test data. The predictions are plotted overtop the actual forces for
comparison. In this case, the predictor performs well for the shear forces, but suffers a significant
degradation in performance for predicting the normal force. The normal force predictions do
relatively well at times, but seem to be periodically confused. The performances for the predictor

are shown in Figure 100.
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Figure 100: Sample Test Performance for Touch Predictor

05 1 15

Predicted forces are again plotted vs. measured forces for the random test data.

Performance is worse for the random data than for the spiral data.

5.3.2. Posture Predictor

Bending experiments were also performed using the same seven human subjects. The
subjects were instructed to slowly flex and extend the finger over six cycles at a rate of 0.1 Hz,

following the protocol outlined earlier. Figure 101 shows sample training data for a typical

subject and Figure 102 shows sample training performance using a linear model.
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Figure 101: Sample Training Data for Posture Predictor
Training data for the posture predictor for a single subject. The model is trained
using the first half of a 60 second data set. The predicted posture angle for the
linear model is superimposed on the experimental posture measured by the
video tracking system.

Predicted Angle vs. Actual Angle

60 "ﬂ:,, d
R L5l 1At
g0l e e
e .
. Yy FA
L *a - - .
8 [deg] . L !:gl. .-:. L
3ot "-._.-,;.-’,;-.. 5
Y . *
20f IR
. LI
100 L. s
) _.‘f 7 ‘.
S S
N vie .; [
. R
100 aan' e _RMSE = 6.1325 deg |

-10 0 10 20 30 40 50 60
6 [deg]

Figure 102: Sample Training Performance for Posture Predictor
The predicted posture angle is plotted vs. the measured angle for the training
data. Ideally, the data should lie on the diagonal.

Figure 103 shows sample validation data for the same subject and Figure 104 shows the
corresponding performance for the posture predictor trained above. As shown, the model is able
to consistently train with RMSE of 6 degrees and predict new data with RMSE of 8 degrees,

which is only a slight degradation in performance.
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Figure 103: Sample Validation Data for Posture Predictor
Validation data for the posture predictor for a single subject. The model is
validated using second half of data set. The predicted posture angle for the linear

model is superimposed on experimental data.
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Figure 104: Sample Validation Performance for Posture Predictor
Predicted angle is again plotted vs. the measured angle for the validation data.

5.4. Model Comparison and Analysis

5.4.1. Touch Predictor

In this section, the calibration results from all seven human subjects using all three
models are compiled and analyzed. Figure 105, Figure 106, and Figure 107 show the average
performances of each of the three models for predicting the validation data (third spiral) when
the model is calibrated using either the first, second, or both first and second sets of training data.
In each case, the model performs better when trained on the second set vs. the first set. This

alone would indicate that there is a learning factor in the calibration procedure and that the
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human subjects perform more consistently with more training. However the models perform
even better when trained on both the first and second sets, indicating that there is some useful

information in the first set that is not represented in the second set.

Results from Linear Model
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Figure 105: Validation Performance of Linear Touch Model
Root mean square error is averaged over 7 human subjects using the linear
model. Performance is best when the model is trained using two separate sets of
training data.

Results from Polynomial Model
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Figure 106: Validation Performance of Polynomial Touch Model
Performance is averaged over 7 subjects using the polynomial model.
Performance is again best when two sets of training data are used.
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A probable explanation is that some unmodeled variable is changing in between or during
the two training sessions. One such variable would likely be the finger having a slightly different
posture on the force measurement platform. When two sets of data are used for training, it forces

the model to train to the features that remain constant between training sessions.

Results from Neural Network Model
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Figure 107: Validation Performance of Neural Network Touch Model
Performance is averaged over 7 subjects using the Neural Network model.
Performance is again best when two sets of training data are used.

Figure 108 and Figure 109 compare the average performances (over all seven human
subjects) of the three types of models for fitting the training data and predicting the validation
data. As shown in Figure 108, the polynomial model fits the training data with the least amount
of error because of the large number of parameters. However, as shown in Figure 109, the
polynomial model results in the worst error when predicting the forces for the validation data,
especially in predicting the normal force, F,. While the polynomial model is better able to fit the
curvature of the data, it actually fits the training data too well. In other words, the polynomial
model trains itself to the noise in the training data and thus cannot generalize when predicting

forces for new data. Therefore, the polynomial model is unfit for this application and is ruled out.
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Figure 108: Comparison of Training Performances for Touch Models
Training performances for the touch predictor. The RMS errors of the model
predictions are averaged for the 7 human subjects. The results show that the
polynomial model fits the training data with the least error.
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Figure 109: Comparison of Validation Performances for Touch Models
Validation performances for the touch predictor for the same 7 subjects. The
results show that the polynomial model performs the worst when presented with
new validation data.

The linear and neural network models both show comparable performance for fitting the
training data and predicting all three forces for the validation data. The neural network does have

more flexibility to fit the data, but is prevented from over-training by the validation check. Using
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either the linear model or neural network, all three forces can be predicted with an average RMS
error of 0.6 N or less. For further comparison between the linear and neural network models, the
performances for predicting the random test data are averaged and plotted in Figure 110. Both
models show a decrease in performance in predicting the random test data compared to the spiral
validation data, especially in predicting the normal force, F,. Therefore, there is indication that
the method of varying the normal force in the spiral trajectory does not generalize well to

arbitrary motion.

Random Test Performances
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Figure 110: Comparison of Test Performances for Touch Models
Test performances for the touch predictor for same the 7 subjects. The results
show that the linear model performs better than the neural network model when
presented with new random test data.

When presented with new random data, the linear model performs better on average than
the neural network model for predicting all three forces. Especially for the two shear forces, the
linear model has a consistently lower RMS error in predicting new random data. Therefore, the
linear model, which also has the advantage of being less complex and faster to train, should be
used. Using the linear model, the two shear forces can be predicted with an RMS error of 0.6 N

or less, while the normal force can be predicted with an RMS error of 1.4 N or less.
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Figure 111: Effect of Bending on Performance of Linear Touch Model
The performance of the linear touch predictor is compared when it is trained
with and without bending data. The results show that it does not matter whether
the bending data is included or not.

Finally, the effect of including some bending data in the touch calibration is addressed.
Figure 111 shows the average performance of the linear model on validation data when the
model is trained with and without the 60 seconds of bending. Note that when bending is
excluded from the training, it is also excluded from the validation data. Therefore, the figure is
only comparing the performance of the model with regards to the types of data it was trained for.
If the non-bending trained model were presented with bending, it would naturally have trouble
predicting zero force. Interestingly, the inclusion of the bending data appears to have no
significant detrimental effect on the touch model performance. In other words, there are
sufficient patterns in the data that are not affected by bending to still predict force with the same
accuracy. There is a slight loss in performance for Fy, probably because the color patterns for Fy
are most similar to the color patterns due to bending (they both result in whitening over the
bone). However, since the loss in performance is so small, it is worth including the bending

during training in order to make the touch predictor resistant to bending.

5.4.2. Posture Predictor

The performance of the posture predictor should also be compared for the three types of

models. Figure 112 shows the average training and validation performances for the three models
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when predicting the angle of the PIP joint. As with the touching, the polynomial model over-
trains to the data and cannot generalize to the validation data. The neural network model
performs slightly better than the linear model on average, but not enough to justify the increased
complexity. With the linear model, the bending angle can be predicted with an RMS error of

approximately 10 degrees.
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Figure 112: Comparison of Performances for Posture Predictors
Performance of posture predictor for training and validation. RMS errors of
model predictions are averaged for 7 human subjects. Polynomial model fits
training data better but again performs worst when presented with new
validation data. Linear and neural network models are again comparable.

5.5. Sensor Pruning and Optimization
A final piece of analysis that can be performed is to investigate the role of each of the
eight photodetectors in the predictor performance. The best way to determine the relative
importance of each photodetector is to compute the predictor performance when each
photodetector is removed from the predictor. Figure 113 shows the average performance for the
seven human subjects when each photodetector is removed from the data pool, and the touch
predictor is trained and validated using data from the other seven photodetectors. The

performance with none removed is also shown for comparison.
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Figure 113: Performance with Photodetector Pruning
Performance of the linear touch predictor is compared when each of the eight
photodiodes is removed from the model. The results show that any one
photodiode can be removed without sacrificing performance.

Interestingly, the removal of a single photodetector has little effect on the performance in
predicting the two shear forces, Fy, and Fy. The normal force, F,, appears to suffer a noticeable
degradation in performance when photodetectors 1, 4, or 5 are removed. However, the removal
of photodetectors 2, 3, 6, 7, or 8 seems to have little effect on the performance of the touch
predictor in general. This suggests that the next generation of fingernail sensors could be
designed with less than eight photodetectors. However, the optimal redesign is not likely to be
achieved by simply removing one or more photodetectors and leaving the others in their current
configuration. Instead, an optimal redesign should also be based on some study of the effect of
photodetector location in addition to quantity. In addition to the experiments and analysis of
Chapter 5, the photographic experiments and physical understanding of Chapter 4 should provide
important insight into optimal positioning of the photodetectors. However a thorough treatment

of this optimization problem and the necessary experimental verification is beyond the scope of

this thesis.
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6. APPLICATIONS

6.1. Virtual Switches

There are several potential applications for the fingernail sensor in the area of human-
machine interface. The simplest application would be on/off detection of touch force. By
detecting whether a finger is pressed down against a surface or not, the fingernail sensor could be
used as a simple switch. Figure 114 shows the concept of a “virtual switch,”, where, the human
is instrumented rather than the machine, and the need for a physical switch can be eliminated.
Instead an image of a switch can be placed in a flexible location. By combining the fingernail
sensor with a position tracker, the system can detect when the user presses a particular virtual

switch, and send commands to the machine.

button contack circuit

finger

MACHINE

mechanical parts

TRADITIONAL SWITCH

sensor/trans mitter

MACHINE

\

fnger VIRTUAL SWITCH
Figure 114: Virtual Switch Concept
A virtual switch is simply a picture of a switch. The switch is activated by the
fingernail sensor in combination with a position tracker.

imageof a switch
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Figure 115: Virtual Switch Application
A virtual switch panel could be used to control a machine such as a robot. The
panel would be completely reconfigurable without altering any hardware and
can be placed in intuitive arrangements.

Figure 115 shows a virtual switch application where a human wearing fingernail sensors
and a position tracker controls a multi-axis robot using a panel of virtual switches. The virtual
switches can be located in an intuitive arrangement around the workspace, including on the
surfaces of the robot itself, without altering the robot hardware. The virtual switch layout could
be reconfigured simply by altering parameters in the control software. Experiments in manual
operation of the robot show that user performance can be significantly increased by using virtual

switches in place of a teaching pendant. These experiments are presented in detail in Appendix
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C. By placing nail sensors on all ten fingers, one could even imagine a virtual computer
keyboard, where the user could type on any surface. If the nail sensors could measure a range of

magnitudes of touch force, the virtual switches could be further enhanced in functionality.

6.2. Wearable Computer Mouse

By using the fingernail sensor to measure shear forces in addition to normal forces, the

sensor could be used as a wearable replacement for a computer mouse, as shown in Figure 116.

~ v NATIONAL

Flgur16: Coputer Mouse Application
The fingernail sensor could be used as a wearable mouse in order to control a
computer pointer by pushing on any surface.

Lateral and longitudinal shear forces could control the position or velocity of a pointer on
the computer screen, while normal force could be used to perform clicking. The “fingernail
mouse” could be carried anywhere and used in conjunction with a wearable computer, cellular
phone, or PDA (personal digital assistant) device. By instrumenting multiple fingernails, finger
posture measurement could also be used to control the pointer location or to provide additional

functionality such as performing scrolling actions.
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6.3. Skill Monitoring
By simultaneously measuring normal force, shear forces, finger posture, and possibly
even location of contact, the fingernail sensor could by used for human skill monitoring. For
example, Figure 117 shows a human performing a complex assembly task. By monitoring and
analyzing the grasp forces and posture during such an assembly task, the performance of the

human could be tracked or a robot could be trained to perform the same task.

Figure 117: Skill Monitoring Application
The fingernail sensor could keep track of finger posture and forces during a
variety of tasks such as assembly or fine manipulation.
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7. CONCLUSIONS

7.1. Summary of Contributions

This thesis presented a new type of wearable sensor for detecting fingertip touch force
and finger posture. Unlike traditional electronic gloves, in which sensors are embedded along the
finger and beneath the fingertips, this new device does not constrict finger motion and allows the
fingers to directly contact the environment without obstructing the human’s natural haptic

sSenses.

First, a new method of sensing finger force and posture was proposed. Instead of directly
measuring the force and posture, the variables of interest are indirectly predicted by measuring
the internal state of the fingertip. From several alternatives, the idea of photoplethysmography, or
measuring the change in blood volume beneath the fingernail, was chosen; hence, the sensor is
mounted on the fingernail and does not interfere with bending or touching actions. Specifically,
the fingernail is instrumented with miniature light emitting diodes (LEDs) and photodetectors in
order to measure changes in the reflection intensity when the fingertip is pressed against a
surface. The changes in intensity are then used to determine changes in the blood volume under
the fingernail. By arranging the LEDs and photodetectors in a spatial array, the two-dimensional

pattern of blood volume can be measured.

Secondly, a prototype nail sensor was designed to measure the normal touching force,
lateral shear force, longitudinal shear force, and finger posture, while eliminating or minimizing
the effect of other extraneous variables. A manufacturing process was devised to achieve the
desired functional and aesthetic requirements of the sensor. A prototype sensor was then built,
and tested using a specially designed experimental apparatus for taking actual measurements of
3-axis touch force and finger posture. Preliminary experiments showed that the sensor responds
with different patterns to each of the three forces and finger bending. These patterns are

repeatable and consistent with observable fingernail color patterns.

Fourth, physically based, mechanical and hemodynamic models were created in order to
understand the mechanism of the blood volume change at multiple locations within the fingernail

bed. Relevant fingertip anatomy and physiology along with photographic experiments were used
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to construct a qualitative bone-nail interaction model that explained the changes in blood volume
beneath the fingernail due to normal force, lateral shear force, longitudinal shear force, and
finger bending. Then a quantitative lumped-parameter dynamic model was created to simulate
the dynamics of the sensor response. The dynamic properties were verified using experiments

with several human subjects, and served as guidelines for further experimentation.

Fifth, data-driven mathematical models were designed to comprehensively predict normal
touching forces, shear touching forces, and finger bending based on readings from the sensor.
Two separate predictors for touch force and posture were devised, and three types of models
were used for each: linear, polynomial, and neural network. A method to experimentally
calibrate the predictors was designed using a special graphical interface to prompt the user to
explore the entire range of possible forces and finger posture. Experimental data was collected
and analyzed for several human subjects. Results indicated that a simple linear model performs
best. The two shear forces can be consistently predicted with an average RMS error less than 0.6
N, the normal force can be predicted with an average RMS error less than 1.4 N, and the angle of
the PIP finger joint can be predicted with an average RMS error of 10 degrees. Analysis also
shows that one or more photodetectors could be removed with little effect on the predictor

performance.

Finally, applications to human-machine interface were discussed, along with the
functional requirements placed on the sensor. The fingernail sensor could be used for
applications such as a virtual switch for interacting with machines and robots, a wearable
computer mouse or PDA interface, or a non-obtrusive skill monitoring system for teaching

robots or tracking human performance.

7.2. Future Areas for Research

There are several potential areas of future research that could expand upon the work in

this thesis:

1. Sensor redesign based on optimal positioning of LEDs and photodiodes. Experiments in
Chapter 5 indicate that one or more photodiodes could be removed from the nail sensor with

a small tradeoff in performance of the force predictor. The physical understanding in Chapter
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4 also indicates that the photodiodes could be placed in a more advantageous arrangement.
Future research should include redesign of a pruned sensor with optimal positioning of

photodetectors.

. 3-D finite element model of the fingertip including bone-nail interaction. In the past, 2-D
and 3-D finite element models of the fingertip have been created in order to investigate the
mechanics of the human fingerpad (Raju, 1998). However, none of these models take into
account the mechanical interaction between the fingernail, bone, and surrounding tissues. A
new 3-D finite element model (FEM) including the fingernail and connective tissues could
verify the physical mechanisms presented in Chapter 4 of this thesis and further increase the

understanding of how forces affect the tissues underneath the fingernail.

Real-time virtual finger model with fingernail (controlled by human with fingernail
sensor). Virtual environments often include a virtual hand model that is controlled by the
human and used to touch and grasp objects in the virtual environment. Haptic feedback from
the virtual fingers is then presented to the human, creating a closed loop haptic control
system, where the human is the controller. In order for the human to accurately and naturally
control the virtual fingers, the virtual fingers should behave as much like human fingers as
possible. Since the mechanics of a real finger depend so highly on the presence of the
fingernail, the realistic virtual finger should have a fingernail as well, including a model of
the mechanical interaction between the nail and bone. Readings from the fingernail sensor
worn on the real finger could be used to drive the virtual finger model in the virtual

environment.

. Biomimetic robot finger with fingernail and fluid flow. Another step beyond creating a
virtual finger with a fingernail is to create a biomimetic robot finger with a fingernail and
nail-bone connection. This robot finger would benefit from the enhanced grasping
functionality that the fingernail gives to the human, such as improved ability of the fingerpad
to conform to surfaces and exert shear forces. Han, et al. (1996) have already created a robot
finger with a bone, fingernail, and elastic tissue, which shows improved ability to exert shear
forces during grasping. However their finger does not include connective fibers between the

nail and bone. By adding fluid to the robot finger to mimic the blood flow in a real finger,
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additional novel robotic functionalities could be researched. Fluid could be used for
temperature regulation of a shape-memory alloy actuated finger. It could also be used as a
pressure sensing mechanism, just as the blood in the real finger allows the nail sensor to
measure touch pressure. A robot finger that secretes fluid or “sweats” could also have a novel

type of friction control.
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APPENDIX A. SENSOR MANUFACTURING PROCESS

Begin with custom

printed circuit board

Solder on 14-pin
connector

Coat with —
protective epoxy

Attach LEDs and
photodiode arrays
using conducting epoxy

Shield photodiodes from
LEDs using opaque epoxy

Wire-bond LEDs
and photodiodes

Coat with
transparent epoxy

Attach op-amps and resistors
using non-conducting epoxy

TOP

BOTTOM

BOTTOM

135

BOTTOM

TOP

A/ connector

epoxy

optical components

opaque epoxy

wire-bond

transparent epoxy

op-amps



U wire-bond

Wire-bond op-amps

and resistors epoxy

Coat with protective epoxy

nail surface

Take wax cast of fingertip

Cut out fingernail portion
to match size of sensor

fingernail surface

Use cast to create
rubber fingernail mold

rubber

Mold sensor to
rubber fingertip
using transparent epoxy

opaque epox
Coat top and sides with paque epoxy

opaque epoxy

Attach to fingernail

using double-sided
transparent tape

Figure 118: Sensor Manufacturing Process
This figure demonstrates the steps involved in the assembly of the fingernail
sensor including the circuit assembly and the molding process.
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APPENDIX B. EXPERIMENTAL HARDWARE
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Figure 119: Experimental Hardware
The figure shows a schematic of the signal conditioning circuitry, power supply,
and data acquisition system used to operate the fingernail sensor.
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APPENDIX C. VIRTUAL SWITCH EXPERIMENTS

Since the virtual switch increases flexibility in terms of positioning and functionality, it
seems reasonable to expect that increased performance can be achieved by making the virtual
switch panel more intuitive than a traditional switch panel. A good case study for this hypothesis
is the teaching of an industrial robot such as the PanaRobo KS-V20 manufactured by Panasonic.
Figure 120 shows a picture of the robot and its teaching pendant. The robot has five rotational
joints in series and can be controlled in joint angle mode or linear Cartesian mode. As seen in the
figure, the top three pairs of buttons on the right are used for linear Cartesian moves, and the top

five pairs are used for joint angle moves.
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Figure 120: PanaRobo KS-V20 and Teaching Pendant
The teaching pendant is hard to operate because there is no physical intuition as
to which button causes what direction of motion, particularly if the pendant is
not held so as to be aligned with the robot coordinate system.

A major limitation of this standard method of control is the lack of intuition between the
buttons on the pendant and the resulting actuation of the robot. Depending on which way the
person is facing the robot, a right button could, for example, cause the robot to move to the left.
A button for a particular joint has no intuitive connection to the particular joint of the robot.
Intuition can be greatly enhanced by using a virtual switch panel. By using virtual switches, we
now have the option of mounting switches on the workspace and the robot itself. Because the
switches are virtual, they are not at risk of being damaged within the workspace environment,

and they do not require any physical modifications to the robot hardware or the workspace.
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Figure 121: Virtual Switch Configuration for the Robot
A virtual switch panel on the desk is used to control the robot in Cartesian
coordinates while virtual switches on the joints are used to control each joint.

Figure 121 shows an obvious configuration for the virtual switch panel for the KS-V20
robot. Virtual switches are located on each joint in order to perform joint moves, intuitively
connecting each switch with its resulting actuation. The human is equipped with two touch force
sensors on the index and middle fingers. The index finger causes counter-clockwise rotations
while the middle finger causes clockwise rotations. Virtual switches for linear Cartesian control
are located on the surface of the workspace in the shape of a set of coordinate axes,
corresponding to the coordinate frame of the robot. The operator can use two switches for each

axis, or one switch for each axis with separate fingers for positive and negative directions.

An experiment was set up in which a human operator is required to move the tip of the
robot tool along a path in 3-dimensional Cartesian space. Figure 122 shows a drawing of the
experimental setup. The operator is asked to maintain a constant gap of approximately 5-7 mm
between the tip of the tool and the path surface. The total path length is 1.42 m. The path is
comprised of 27 distinct moves: 11 in the x-direction, 9 in the y-direction, and 7 in the z-
direction. The operator must therefore make at least 27 decisions in order to choose the correct

switches, either on the teaching pendant or on the virtual switch panel. The robot is programmed
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to run at a linear speed of 25 mm/s for both cases. The time it takes the operator to complete the

course will be used as a measure of human performance for each method of control.
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Figure 122: Tool Course
The operator must navigate the robot along this trajectory as quickly as possible.
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Figure 123: Performance Data for Teaching Pendant and Virtual Switches

Data for four different operators is shown comparing performance using
teaching pendant and virtual switches. The operators learn quicker and often
perform faster in the long run with virtual switches.

Figure 123 shows the results of this experiment for four human operators. As one might

expect, there is certain variation between the operators. However, the learning curve trends are
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quite consistent. Compared to using the teaching pendant, the learning curve is noticeably faster
when using the virtual switches. The operators converge more quickly on their peak performance
when using the virtual switches. This suggests that the virtual switches are a better match for the
learning pattern of a human. Also, for some of the operators, the steady-state performance is
better when using the virtual switches as compared to the teaching pendant. This suggests non-
intuitiveness cannot always be overcome by repetitive experience. The intuition of virtual

switches allows some people to operate at a consistently higher performance level in such tasks.
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Figure 124: Average Time per Decision for Teaching Pendant and Virtual Switches
On average, subjects are quicker and learn faster with virtual switches.

Based on the speed of the robot, the minimum time to cover the distance of the course is
57 seconds. By subtracting this minimum time required for moving, we can get the approximate
time taken up by mental decision making for each operator. Dividing by the total number of
decisions required, we get the approximate average time per decision for the operators. The
results are averaged for five operators and shown in Figure 124 with standard deviation. The
difference here is quite pronounced. The virtual switch seems to offer an initial advantage of
taking less than half the time per decision compared to the teaching pendant. At most, about half
the number of trials is required for the learning curve to level off. To make any general
comparisons about the final steady-state performance, this experiment needs to be conducted

with a larger number of trials on a larger pool of human operators.
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