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ABSTRACT

A computer-implemented method for accurate determination
of intraocular pressure (IOP) and characterization of
mechanical properties of a cornea is provided that includes
measuring a cornea with a probe tonometer to produce at least
force versus displacement data over a range of applied forces;
and forming a model of corneal constitutive parameters, with
a computer having a processor, based on the data obtained by
the probe tonometer to more accurately determine IOP and
characterize mechanical properties of the cornea, wherein the
computer is coupled with the probe tonometer.
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ACCURATE DETERMINATION OF
INTRAOCULAR PRESSURE AND
CHARACTERIZATION OF MECHANCAL
PROPERTIES OF THE CORNEA

Jan. 29, 2009

Bramsen, T., and Sperling, S., Applanation Tonometry and
Central Corneal Thickness, Acta Ophthalmologica, 53(1),
pp. 34-43 (1975). Many other references have also discussed
the effect of CCT on IOP measurement.

0007. On the other hand, data from clinical studies also
TECHNICAL FIELD

shows considerable scatter in the correlation between IOPG

0001. The present disclosure relates to methods for accu
rate determination of intraocular pressure (IOP) and charac
terization of mechanical properties of the cornea in the eye,
and also to use of a new mechanical probe for measurement.

and CCT. One implication of the observed scatter is that the
true IOP, which is acknowledged to depend on corneal stiff
ness through CCT, also depends on the material or mechani
cal properties of the cornea. A correction which takes into
account only the CCT, according to currently recommended
practice, may not be sufficient.

BACKGROUND

0002 Open-angle glaucoma arises from serious damage
to the optic nerve and is strongly correlated with high
intraocular pressure (IOP). High levels of IOP can lead to
optic nerve damage, glaucoma, and eventually, blindness.
Glaucoma is a very serious public health problem. This is
exacerbated by the fact that in the vast majority of cases there
are no early symptoms; by the time that loss of peripheral
vision starts to become noticeable, irreversible damage to the
optic nerve has already occurred. More than 2.2 million
Americans age 40 plus are potentially at risk. (Friedman
2002). Indeed, an estimated three million people in the United
States have the disease and as many as 120,000 are blind as a
result. In addition, glaucoma is the number one cause of
vision loss in African Americans, and Hispanics are also at
higher risk of glaucoma.
0003 Treatments to slow the progression of the disease
are available. High IOP is the only significant modifiable risk
factor. In fact, it has recently been rigorously established that
lowering of IOP in individuals with glaucoma correlates with
a delay in the onset of optic nerve damage and peripheral
visual field loss. The same has also been recently established
for a Subset of patients with ocular hypertension, though this
subset is not well characterized.

0004. There are currently several instruments available for
measuring IOP. The most widely used instrument is the Gold
mann Applanation Tonometer (GAT), with the resulting read
ings of IOP being referred to as IOPG. Other instruments in
use include the TonoPenand pneumo-tonometer (pufftonom
eter). It is widely known and generally accepted in the oph
thalmology profession that these instruments have inherent
systematic errors. These errors are generally attributed pri
marily to the effect of corneal stiffness which is unaccounted
for in applanation tonometry.
0005 Since IOP is used as the main screening mechanism
for early detection of those at risk, it is evident that accurate
measurement of IOP is of primary importance: false low IOP
readings may delay or prevent necessary treatment, with dev
astating effects up to and including blindness; false high IOP
readings may have undesirable consequences in the form of
unnecessary and costly lifelong therapy. In light of this, it is
clear that increased accuracy and reliability of IOP measure
ment has great public health value; indeed, the medical man
agement of individuals at risk for glaucoma could be signifi
cantly enhanced.
0006 Clinical studies have repeatedly shown that IOPG
measurements with the GAT are influenced by the Central
Corneal Thickness (CCT). Several authors have demon
strated the correlation between IOPG and CCT using data
from simultaneous cannulation and applanation tonometry.
The early study by Ehlers provided a table to recalculate
IOPG taking account of the CCT of a patient. Ehlers, N.,

BRIEF DESCRIPTION OF THE DRAWINGS

0008. A more particular description of the disclosure
briefly described above will be rendered by reference to the
appended drawings. Understanding that these drawings only
provide information concerning typical embodiments and are
not therefore to be considered limiting of its scope, the dis
closure will be described and explained with additional speci
ficity and detail through the use of the accompanying draw
1ngS.

0009 FIG. 1A is a diagram showing the structure of the
human eye.
0010 FIG.1B is a diagram showing the five distinct layers
of the cornea.

0011 FIGS. 2A and 2B are, respectively, a diagram of a
multiple probe tonometer (MPT) as used to gather observa
tional data, in vivo, from individual cornea, and a graph of
MPT probe force versus probe deflection.
0012 FIG. 3 is graph showing the calibration of a nonlin
ear material model in finite element (FE) simulations (circles)
with the experimental results (lines) by Bryant et al. (1996)
varying as per apical displacement of the cornea.
0013 FIG. 4 is a graph showing a cross-sectional view of
the deformed shape of an applanated cornea having Superim
posed thereon an undeformed shape. The central corneal

thickness (CCT) is 550 um, E (the Young's modulus in the
plane of isotropy) is 0.23 MPa, and intraocular pressure
(IOPT) is 16 mmHg.
0014 FIG. 5 is a graph showing a response curve from
simulated Goldman Applanation tonometry (GAT), in which

CCT is 550 um, E is 0.23 MPa, and IOPT is 16 mmHg.

0015 FIG. 6 is a graph showing encoded variables in the
genetic algorithm (GA) strings.
0016 FIG. 7 is a graph showing the best, maximum, and
average fitnesses during GA evolution.
0017 FIG. 8 is a diagram showing architecture of a neural
network used to replace FE simulation of GAT.
(0018 FIG. 9 is a flow chart of neural network (NN) train
ing data for representing FE simulation of GAT.
0019 FIG. 10 is a graph showing a summary of the train
ing and testing of neural networks to replace FEGAT simu
lation.

0020 FIG. 11 is a graph showing the best, maximum, and
average fitnesses for GA and neural networks (NN) during
evolution.

0021 FIG. 12 is a graph showing a cross-sectional view of
the deformed shape of an applanated cornea from GAT simu
lation of a clinical case in which CCT is 900 um and the
Goldmann applanation tonometer (IOPG) reading is 18.3
mmHg.
0022 FIG. 13 is a graph showing a target response curve
from synthetic GAT simulation of the clinical case of FIG. 12.
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0023 FIG. 14 is a graph showing an IOPT prediction by
different methods for a clinical case with a CCT of 900 um.
0024 FIG. 15 is a graph showing an IOPT prediction by
GA when the maximum applanating force corresponds to

standard GAT from 10 trials at each E.

0025 FIG. 16 is a graph showing IOPT prediction by GA
when the maximum applanating force is 50% higher than

standard GAT from 10 trials at each E.

0026 FIG. 17 is a typical network material model which is
history dependent.
0027 FIGS. 18A, 18B, and 18C display a series of steps
defining an Autoprogressive algorithm training framework.
0028 FIG. 18D displays a graph comparing the structural
response by field measurements with the structural response
by forward analysis that uses the Autoprogressive algorithm
and computer simulations as shown in FIGS. 18B and 18C.
0029 FIG. 19 is a flowchart for material characterization
of the cornea by self-learning simulation (SelfSim).
0030 FIGS. 20A and 20B are respectively a synthetic
target applanated cornea and target response of the applan
ated cornea.
DETAILED DESCRIPTION OF PREFERRED
EMBODIMENTS

0031. The embodiments of this disclosure will be best
understood by reference to the drawings, wherein like parts
are designated by like numerals throughout. It will be readily
understood that the components of the embodiments, as gen

erally described and illustrated in the Figures herein, could be
arranged and designed in a wide variety of different configu
rations. Thus, the following more detailed description of vari
ous embodiments, as represented in the Figures, is not
intended to limit the scope of the disclosure, as claimed, but is
merely representative of various embodiments. While the
various aspects of the embodiments are presented in draw
ings, the drawings are not necessarily drawn to Scale unless
specifically indicated.
0032 FIGS. 1A, 1B, and 3-4 are used to introduce the
nonlinear finite element (FE) model of the human cornea,
while FIG. 2 discusses measurement instruments (probes)
used for producing measurement data of individual cornea.
FIG. 1A is a diagram showing the structure of the human eye.
The human eyeball is approximately spherical in shape mea
Suring 24-25 mm in diameter. The main function of the eye
ball is to provide protection and an optimum environment for
the retina. All of the other complex structures of the eye are
dedicated to the accurate and efficient functioning of the
retina.

0033. The fluid-filled space behind the iris and in front of
the lens is called the posterior chamber; the sclera is an
opaque, white, and resilient outer coat of the eye which covers
the posterior five-sixths of the globe. The anterior chamber is
an elliptical space between the iris and the cornea; it acts as a
reservoir for the aqueous humour. The aqueous humour is the
fluid that fills the chambers. One-sixth of the globe consists of
a uniquely transparent, bulged forward, fibrous structure
called the cornea, which is responsible for approximately
two-thirds of the eye's focusing power. This is the reason why
most refractive Surgeries are associated with the cornea.
0034 FIG.1B is a diagram showing the five distinct layers
of the cornea. The adult cornea is only about 0.5 mm thick and
is composed of 5 layers: epithelium, Bowman's membrane,
stroma, Descemet's membrane, and endothelium. The cornea

has a complex, lamellar microstructure. The Stroma, the
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middle (and thickest) layer of the five distinct layers consti
tuting the cornea, consists of perhaps 200-300 lamellae par
allel to the Surface of the cornea, which are composed prima
rily of collagen fibrils embedded in a matrix rich in
proteoglycans. Within a lamina, the collagen fibrils are essen
tially parallel, but adjacent laminae generally do not have the
same orientation.

0035. Within the cornea, the laminae are organized pre
dominantly in Superior-inferior and nasal-temporal direc
tions, whereas in the Sclera the collagen fibrils are organized
primarily circumferentially. At the limbus, or the margin
where the cornea meets the sclera, the corneal fibril families

appear to curve over a short distance to blend into the circum
ferential scleral fibrils. These preferred directions are more
pronounced in the posterior than in the anterior Stroma. In the
anteriorportion of the stroma (100-120 um, approximately, of
a total thickness of 520-530 um in a normal eye), the fibrils
undulate in the thickness direction, and regions of amorphous
extracellular matrix are interspersed between the fibrils. This
provides additional interlaminar strength and stiffness com
pared to the posterior portion where there is little interlayer
weaving. Because of this micro-structure, the cornea is
mechanically neither isotropic nor homogeneous; idealiza
tions of its mechanical behavior in response to applanation or
indentation must take account of this fact.

0036 Measurement of the mechanical constitutive prop
erties of the cornea is extremely difficult because of its com
plex microstructure. In fact, it is fair to say that the elastic
properties of the cornea have never been fully characterized.
Several standard types of tests have been utilized ex vivo: (1)
Diametral Strips or circular ring specimens, excised from the
cornea, stretched uniaxially or radially, respectively, (2)
membrane inflation of the intact cornea mounted in a testing
frame, and (3) ocular rigidity tests in which the anterior
chamber is cannulated and fluid is introduced under increas

ing pressure to determine a pressure versus Volume change
relationship. There are many technical difficulties associated
with performing these tests, not the least of which is post
mortem physiological changes which undoubtedly alter the
mechanical characteristics of the cornea. In addition, these

tests are essentially one-dimensional. Therefore, they cannot
provide enough information to characterize the non-linear
anisotropic properties of the cornea.
0037 Recently, high frequency ultrasound has been pro
posed for extracting information about the elastic properties
of corneal tissue in vivo. Current methods for determining
elastic constants from the ultrasound data assume linear,

incompressible and isotropic elastic behavior. Extension of
these methods to fully characterize the nonlinear anisotropic
behavior of the cornea will apparently be quite difficult.
0038 Simplified analytical models and more detailed
numerical finite element (FE) models have been employed to
study the effects of refractive Surgery on the cornea, primarily
radial keratotomy (RK). Corneal indentation or applanation
has also been studied using simplified analytical models, and
FE models. These research studies have provided insight into
the general characteristics of the biomechanical response of
the cornea. However, they cannot address the individualized
assessment of corneal bending resistance to indentation or
applanation because they do not incorporate a means of deter
mining the elastic properties of the individual cornea.
0039. Because of the complex structure of the human cor
nea as discussed above, its mechanical properties are neces
sarily complex. The human cornea is highly inhomogeneous,
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anisotropic, and nonlinear. Currently, there are no methods
available for in vivo determination of its mechanical proper
ties. Accurate and reliable determination of intraocular pres
sure (IOP), however, should also account for the effect of the
mechanical properties of the cornea on its stiffness. What is
clearly required in order to accurately evaluate corneal bend
ing resistance during tonometry is in vivo characterization of
specific, individual corneas.
0040 FIGS. 2A and 2B are, respectively, a diagram of a
multiple probe tonometer (MPT) 200 as used to gather obser
Vational data, in Vivo, from individual cornea, and a graph of
MPT probe force versus probe deflection. Other instruments
using a single probe or varying numbers of probes are also
envisioned, and therefore, the number of probes is not a
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puter 230. In a prototype MPT 200, each DVRT is cable or
wirelessly connected to an individual DEMOD1 (Micros
train, Inc.) printed circuit card (PCB) for signal conditioning
246, and installed in an 8-channel Smart motherboard/power
supply unit 250, which is directly connected to the computer
230 on which the computational algorithms are carried out by
the processor 234. The signal conditioner 246 and mother
board/power supply unit 250 may optionally be integrated
with the computer 230, indicated by the dashed lines. From
the measured information, the processor 234 determines the
forces in all probes which are in contact with their respective
targets, as well as the corresponding deflections of the cornea,
relative to the deflection of the central target point. The data
from these measurements will allow for more accurate char

critical factor. These various measurement instruments will

acterization of the physical properties of the cornea, and

hereinafter be variably referred to as “probe tonometers' 200.
For instance, in one embodiment, a probe tonometer 200 may
be designed as a modified version of the widely used Gold
mann Applanation Tonometer (GAT) to fulfill the same or

therefore, more accurate IOP measurement.

similar function as the MPT as disclosed herein. This disclo

sure, however, differs from GAT in that it produces a simul
taneous record of force versus displacement of the cornea,
and does not rely on the application of an applanation prin
ciple (flattening of the central portion of the cornea), which in
the GAT requires an associated optical procedure.
0041 As shown in FIG. 2A, probe tonometers 200, includ
ing the MPT 200, provide probe force histories and cornea
deflections at the probe location (or locations) relative to the
cornea central deflection throughout the tonometry process.
To so provide, probe tonometers 200 gradually apply a very
Small force to the corneal Surface and simultaneously record
both the force that is applied and the resulting displacement
(indentation) of the cornea.
0042. For example, the hand-held MPT 200 displayed in
FIG. 2A employs five parallel probes: one central probe 212
and 4 additional probes 214 arranged in a circular pattern
(approximately 5 mm diameter) outside the optical Zone. The
probes 212, 214 are mounted in a stainless steel clamping
collar 220 as illustrated in FIG. 2A. Each probe 212, 214 is a
Microgauging Differential Variable Reluctance Transducer
(DVRT) (such as manufactured by Microstrain, Inc. of Will
iston Vt.), including a spring-loaded Nitinol central core that
can slide inside an about 1.8 mm diameter stainless steel

sleeve. The central probe 212 is slightly recessed with respect
to the peripheral probes 214 to approximately compensate for
corneal curvature.

0043. During tonometry, the position of a core with
respect to its sleeve, and thus its spring compression, is accu
rately measured with a sensor 224, from which the probe
force is directly determined using the known spring rate.
Several probe tip styles (not shown) are available. The sensor
224, in turn, is coupled with a computer 230 having a proces
sor 234, a memory 238, and a database 242. Herein, the
phrase “coupled with is defined to mean directly connected
to or indirectly connected through one or more intermediate
components. The processor 234 receives and processes mea
surement data, which is stored in the memory 238 and/or
database 242.

0044) A stationary light emitting diode (LED) grid is pro
jected onto the cornea from a light source to provide a cross
hair target with reticles to guide the MPT operator. The MPT
200 is manually advanced as a unit to indent the cornea, using
this target, and core positions with respect to their respective
sleeves are continuously monitored and recorded by the com

0045. The computational method underlying this disclo
sure differs from other computational simulations in that it
integrates actual physical measurement and computational
simulation. Computer-based self-learning algorithms that
utilize the above-referenced force versus displacement data
may be used to accurately determine IOP and the mechanical
properties of the cornea (discussed later with reference to
FIGS. 17 through 20). A non-invasive method is proposed for
accurate in vivo measurement of IOP that also determines the

material properties of the cornea. This method can be used to
measure Central Corneal Thickness (CCT) if desired,
although methods already exist to do so.
0046) One proposed method is a simulation-based com
putational tool that uses the history of the applanating force
and the corresponding displacement of the applanator. This
method requires a probe tonometer as disclosed with refer
ence to FIG. 2A, or a modified Goldmann-type (GAT) tonom
eter, either of which can measure and record the applanating
force and displacement histories. A genetic algorithm (GA) is
used to match the measured force-displacement history from
the modified GAT with a finite element (FE) simulation of the
applanation tonometry.
0047 Direct application of the GA methodology requires
a large number of nonlinear FE simulations to be carried out
that would considerably slow the application of the proposed
method. Because speed is an important practical consider
ation in clinical applications, the FE simulations are effec
tively carried out using a trained neural network (NN). It is
demonstrated that the combination of the genetic algorithm
(GA) and a trained NN are computationally very efficient;
results can be obtained within one or two minutes on current

(2007) desktop computers.
0048. The development and evaluation of the proposed
method is carried out using synthetic applanator target data
generated by an FE simulation. There are two reasons for
adopting this approach. First, in the development and evalu
ation stage, it provides a means for evaluating accuracy,
because the “answer” is known. Second, the modified

applanator instrument described above with reference to FIG.
2A, which is needed to provide the target data, did not exist
during the experiments described herein.
0049. The proposed method is first examined using popu
lation average corneal dimensions and properties. Then, the
robustness of the proposed method is examined by perform
ing a parametric study using corneas with a range of dimen
sions and properties. Finally, a well-known clinical case of a
17-year-old woman reported by Johnson was studied.
Johnson, M., Kass, M.A., Moses, R. A., and Grodzki, W.J.,
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Increased Cornea Thickness Simulating Elevated Intraocular
Pressure, Arch. Ophthalmol. 96(4), pp. 664-665 (1978). Her
GAT readings were consistently very high (30-40 mmHg) but
her actual IOP was later revealed by cannulation to be only 11
mmHg. The results of the comparison demonstrate that the
proposed method is capable of providing accurate IOP mea
Surements even in a difficult and extreme case.

0050. An accurate finite element (FE) model of the human
cornea, including the effect of the aqueous humour in the
anterior chamber, is needed for the proposed method. The
nonlinear finite element model used in this study is briefly
described herein. The axisymmetric (but aspherical) geom
etries of the anterior and posterior surfaces of the cornea in the
FE model are expressed by the following equation:
0051 where the origin is on the (anterior or posterior)
Surface of the cornea at the optical axis, the Z axis points
inward along the optical axis, and ris the radial distance from
the optical axis. Q is an asphericity parameter (Q=0 for a
spherical surface) and R is the radius of curvature at the apex
of the cornea. A value of QC0 corresponds to a prolate ellip
soidal shape, and Q>0 corresponds to an oblate ellipsoidal
shape. Suggested average values of the parameters are listed
in Table 1.

0055. A second differentiation yields the Jacobian (tan
gent stiffness) matrix Dt:
D=ee (D-2CDoee Dol

(4)

0056. The initial tangent stiffness matrix Do contains five
independent elastic constants for transverse isotropy. These

can be reduced to a single independent elastic constant E (the

Young's modulus in the plane of isotropy) by using correla
tions proposed for the human cornea by Bryant et al. Bryant,
R. B. and McDonnell, P. J., Constitutive Laws for Biome
chanical Modeling of Refractive Surgery, J. Biomech., 118
(4), pp. 473–481 (1996).
0057 FIG. 3 is graph showing the calibration of a nonlin
ear material model in finite element (FE) simulations (circles)
with the experimental results (lines) by Bryant et al. varying
as per apical displacement of the cornea. Id. Using Bryant's

correlations, the in-plane Young's modulus E, and the non

linearity parameter C. are determined by calibration with
experimental data obtained by Bryant from twelve excised
human eye-bank corneas. In Bryant's in vitro inflation tests,
each cornea in turn was mounted on an artificial anterior

chamber and its apical displacement was measured during
incremental pressure increases. Corneal thickness remained
stable, ranging from about 401 Lum to about 404 um during the
testS.

0058 Calibrated finite element (FE) results are shown in
FIG. 3 and compared with the experimental results for five

TABLE 1.

corneas. Note that there are substantial variations between the

Geometry Parameters of the Cornea:

inflation responses of the different individual corneas. Cali

brated values of E ranged from 0.12 to 0.35 MPa for the 5

Surface

Radius of Curvature,
R (mm)

Asphericity, Q

Anterior
Posterior

7.77
6.40

-0.18
-0.60

tests; calibrated values of a ranged from 417 to 1000 (1/MPa).
The results also showed that the nonlinearity parameter a can

be related to E with sufficient accuracy by a linear interpo
lation function. This nonlinear material model, with one
material parameter E, was implemented in the user-defined

0052. When the two surfaces are separated lay a distance
of 500 um (the population average CCT) at the corneal (or
optical) axis they are separated by a distance of 910 um at a
radius of 6 mm from the center. Thus, the corneal thickness

gradually increases from its center to its periphery. Once the
anterior and posterior surfaces are defined, the aspherical FE
model of the cornea is developed using 4-noded axisymmet
ric Solid elements.

0053 A material model of the cornea is explained next.
The cornea has a complex lamellar microstructure; for sim
plicity, it is modeled as a nonlinear transversely isotropic
homogeneous material herein. The constitutive model is
developed starting from Fung's exponential strain energy
function:

W=

1
C

(e' - 1), where d = as Doe,

2

(2)

0054 and where W is the strain energy density and e is the
(Green) strain vector. Fung, Y.C., Fronek, K., and Patitucci,
P., Pseudoelasticity of Arteries and the Choice of Its Math
ematical Expression, J. Opt. Soc. Am. 237(5), pp. H620
H631 (1979). The parameter C. determines the degree of non
linearity (higher values of C. correspond to greater degrees of
nonlinearity) and Do is the (linear) elastic tangent stiffness
matrix at Zero strain. The secant stiffness D, obtained as
usual by differentiating the strain energy function with
respect to the Strain vector, is simply
D=e-Do.

(3)

routine (UMAT) in the general purpose finite element pro
gram ABAQUS. A more general version of the nonlinear
material model, with six independent material parameters
(five elastic constants plus the nonlinearity parameter C) was
also implemented in UMAT.
0059. The interaction between the aqueous humour and
cornea is included by modeling the fluid-filled anterior cham
ber with hydrostatic fluid elements. The aqueous humour
elements of the anterior chamber are assumed to be incom

pressible with fluid mass of 100 kg/m. These elements pro
vide the coupling between the deformation of the cornea and
the pressure exerted by the aqueous humour on the anterior
Surface of the cornea.

0060. The initial stress on the cornea is due to IOP. It is
assumed that Equation (1) describes the deformed corneal
geometry under the influence of the pre-existing IOP.
Because the initial undeformed geometry of the cornea is
unknown, a two step procedure is used to model the initial
insitu state of stress in the cornea subjected to IOP prior to
applanation. In the first step of the computational procedure,
the initial linear stiffness of the cornea is artificially increased
by a suitable factor (a factor of 100 is used, but other factors
may be deemed Suitable through experimentation) and the
intraocular pressure is applied in order to determine a set of
insitu stresses in the cornea which equilibrate the IOP, with
out producing appreciable deformations. The deformed
shape of the cornea at the end of the first computational step
is therefore very close to that described by Equation (1) as
desired. Then, the strains that would be consistent with the
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insitu stresses in the actual constitutive model are determined

at each material reference point via an iterative (Newton
Raphson) numerical process and used in the next step as the
initial state of strain. Applanation tonometry is modeled in the
second step with the actual corneal constitutive model prop
erties and the initial strains determined from the first step.
0061 FIG. 4 is a graph showing a cross-sectional view of
the final deformed shape of an applanated cornea having
Superimposed thereon an undeformed shape. The central cor
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IOP, constitutive material model parameters of the cornea (E

is especially considered in this case); and CCT.
0068. The fitness function to be maximized is the inverse
of the difference between the applanator displacements from
the FE simulation and the target applanator displacements
generated by the masked FE simulation. The fitness function
is shown in Equation (5), below, where N is the number of
discrete points on the applanator response curve.

nealthickness (CCT) is 550 um, E is 0.23 MPa, and intraocu

lar pressure (IOPT) is 16 mmHg. The applanation procedure
was simulated by contact analysis with a rigid Surface repre
senting the applanator. Additional details of modeling proce

1

F=

1+

which CCT is 550 um, E is 0.23 MPa, and IOPT is 16 mmHg.

The GAT in current use measures only the applanation force
corresponding to the final applanated area, not the applana
tion displacement nor the histories of force and displacement.
Knowledge of only the final applanating force is not sufficient
information for application of the proposed method; it
requires the histories of applanating force and displacement
(FIG. 2B), which can be provided through a probe tonometer
(or MPT) 200 (FIG. 2A). As the data gathered herein did not
use Such a probe tonometer, in lieu of actual clinical appla
nation response data, target response data may be constructed

TargetResponse,

0069. The target applanation response curve in FIG. 5
corresponds to a population average cornea with CCT of 550

Lim, an E, of 0.23 MPa, and IOPT of 16 mmHg. This provides

the synthetic GAT target response to illustrate the perfor
mance of the GA. Table 2 summarizes the control parameters
used in the GA. In this example it is assumed that CCT has
been independently measured by other means (e.g., ultra
Sound) and is therefore known.
TABLE 2

GA Control Parameters with Two Genes, E and IOPT
String Length (bits)

97

Crossover Rate
Mutation Rate

via FE simulation, as discussed herein.

0064. The problem of determining IOP and material prop
erties can be viewed as an inverse problem, albeit of a very
difficult type, with a known output, i.e. the force-displace
ment response shown in FIG. 5. The particular difficulty
arises because the IOP produces a preexisting state of initial
stress in the cornea, for which there is no independent
response data. This inverse problem is solved herein by
searching for an IOP which produces the target response of
the cornea under applanation. A genetic algorithm (GA) is
proposed for use as an appropriate tool to solve this problem.
0065. The genetic algorithm (GA) is a computational
model loosely based on natural evolution. In its simple form,
it has all the necessary characteristics for optimization prob
lems. In the GA, a problem to be optimized is represented by
a string which encodes the variables of the problem. Each
variable is encoded in binary bits and all binary bits are
concatenated together to form a binary string which encodes
the entire set of variables. A population of strings is randomly
initialized at the beginning. Evolutionary pressure, however,
leads to fitter individuals in the population and moves the
fitter individuals in the population closer to satisfying the
fitness functions of the problem.
0066 Use of GAs combined with FE simulation of GAT is
now explained.
0067 FIG. 6 is a graph showing encoded variables in the
genetic algorithm (GA) strings. The objective of the GA
application is to minimize the difference between the
response curve obtained from GAT and the (target) simulated
response from the FE model of the cornea and aqueous
humour. The members of the population in the GA are binary
strings that represent the variables of the problem, i.e. the
parameters that define the FE model of the cornea and aque
ous humour. The Variables encoded in the GA strings are:

individual Response - TargetResponse
i=1

dure can be found in Kwon and Kwon et al.

0062. A method of analysis for determining IOP is now
explained.
0063 FIG. 5 is a graph showing a typical response curve
from simulated Goldmann Applanation tonometry (GAT), in

(5)

W

1.O
O.O1

Population Size

50

Number of Generations

50

0070 FIG. 7 is a graph showing the best, maximum, and
average fitnesses during GA evolution. The strings in the
initial population are randomly selected from the range of
variables shown in Table 3. The variables are assumed to be

uncorrelated, but may have some relation. The “average fit
ness” is defined as the average value in the current generation.
The “maximum fitness” is defined as the largest fitness value
in the current generation. The “best fitness” is defined as the
largest fitness value over all generations, up to and including
the current generation.
TABLE 3

Randon Selection of Genes for Initial Population
Genes

Range

Target

E. (MPa)

0.1-0.4

O.23

E, (MPa)

O.O1-0.04

O.O23

O.OO47 6-0.019
283.13-1056.26
7-2S

O.O109
618.15
16

G, (MPa)
C. (1/MPa)
IOP (mmHg)

(0071. The IOP prediction from the fittest (“best fitness”)
individual is 15.7 mmHg which is a reasonable approxima
tion of the true (target) IOP (16.0 mmHg). Additional GA
runs were made with two additional synthetic targets. Table 4
shows the GA results from these additional GA runs. It can be

seen that the GA accurately predicts IOP while the GAT
simulation overestimates the true IOP for the thicker CCTs, as

expected.
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TABLE 4
IOP and E. Predictions from GA Runs for Best Fitness Individual:

Case

Target variables

CCT

IOP: 16.0 mmHg E::

530 Im
CCT
650 m
CCT
900 m

0.23 MPa.
IOP. 16.0 mmHg E:
0.28 MPa.
IOP: 11.0 mmHg E:
0.23 MPa.

GAT simulation

GA prediction

IOPG: 16.0 mmHg. IOP. 15.7 mmHg
E: 0.28 MPa.
IOP. 16.4 mmHg
E: 0.28 MPa.
IOP: 11.9 mmHg

E: —
IOPG: 21.5 mmHg.
E: —
IOPG: 18.3 mmHg.
E: —

E: 0.26 MPa.

0072 Neural networks (NN) may represent FE simula
tions of GAT.

0073 FIG. 8 is a diagram showing architecture of a neural
network (NN) used to replace FE simulation of GAT. A draw
back in the application of GA is the large number of function
evaluations required to determine the fitness of each member
of the population at each generation. In this problem each
function evaluation requires a nonlinear FE simulation of
GAT. For a GA run with a population of 50 over 50 genera
tions, 2500 FE simulations of GAT are needed. With an aver

age computational time of three minutes per FE simulation,
each GA run would take 7500 minutes to complete. This is
clearly not feasible, especially in a clinical setting, and may
be remedied by replacing the FE simulations of the GAT with
a trained neural network (NN). The structure of the neural
network which is trained to learn the response from an FE
GAT simulation is shown in FIG. 8.

0074 The input layer contains six material parameters,
CCT, IOPT, and the value of the applanating force p, at a
particular stage 'i' in the applanation. The single output d, of
the neural network represents the value of the corresponding
applanator displacement.
0075. A large number of FE simulations of GAT are first
performed to generate the training data for the NN. For each
GAT simulation, the material parameters, CCT, and IOPT are
selected randomly within chosen, predetermined ranges of

0078 FIG. 10 is a graph showing a summary of the train
ing and testing of neural networks (NNs) to replace FEGAT
or probe tonometer simulation. The horizontal axis is the
number of epochs, or iterations, used to train the NN and the
Vertical axis is the mean-squared-error. During iterative train
ing of a neural network, an epoch is a single pass through the
training data. The error function Es, where MSE is “mean
squared-error, plotted along the y-axis displays the differ
ences between the NN and target outputs. The mean-squared
error normalizes the sum of squared errors with the number of
training cases. At each epoch, Es is calculated from train
ing cases (Solid line) and test cases (dashed line) respectively.
FIG. 10 shows that the NN converges quickly during training.
The trained NN is then used for fitness evaluations within the

GA, in lieu of the much more computationally expensive FE
simulations.

0079 Genetic algorithms may use neural network (NN)
representations of GAT. To investigate the performance of the
GA with incorporated NN, the applanation response shown in
FIG. 5 (CCT=550 um, Ep=0.23 MPa, IOPT=16 mmHg) is
once again used as the target response. The control param
eters are again as shown in Table 2, except that the number of
generations is increased to 500. Table 3 shows the range of
variables for the initial population. The total computational
time for each GA run with a population of 50 for 500 genera
tions is less than 3 minutes on a typical desktop computer
(2007). The GA results are for the best fitness individual.
Normally, in any application of GA, multiple runs are per
formed; the results will usually differ due to the fact that each
run starts from a completely random initial population. In this
example, five GA runs were performed. The results are shown
in Table 5.
TABLE 5
Best Fitness from Five GA Runs:

these variables (E 0.07-0.45 MPa, CCT400-950 um, IOPT

7-30 mmHg). From each GAT simulation, pairs of (p, d) are
obtained from the applanation response curve. The procedure
for generating the NN training data is shown in FIG. 9.
0076 FIG.9 is a flow chart of neural network (NN) train
ing data for representing FE simulation of GAT. At block 910,
eight variables are randomly selected that include 6 material
parameter, central corneal thickness (CCT), and intraocular
pressures (IOPT). At block, 920, a stability check is per
formed for the corneal model. If it is stable, the NN training
continues; if not, the flow chart returns to block 910. At block

930, GAT simulation is performed. At block 940, sets of (d.
p.) are collected. After block 940, the training is iteratively
performed by returning to block 910. Not all randomly
selected sets of material parameters are valid on physical
grounds, i.e., the six material parameters must satisfy an
inequality that guarantees that the initial tangent stiffness
matrix is positive definite. Of the 1000 randomly selected sets
of material parameters, 964 passed this material stability
check, and FE simulations of GAT were carried out for these
CaSCS.

0077. The neural network was trained using the “Rprop'
back-propagation algorithm 36. An additional 200 cases
(“test cases') were generated in the same manner to test the
NN performance on cases which were not members of the
training set.

Average

Run No.

Computed

#1

#2

#3

i4

#5

16.O

15.1

15.7

15.3

17.6

IOP (mmHG)

(S.D. Average)
16.0

(0.06)

0080 FIG. 11 is a graph showing the best, maximum, and
average fitnesses for GA and neural networks (NNs) during
evolution for one of the five GA runs just described. The
results of all of the five GA runs are reasonable approxima
tions of the true IOP (16 mmHg) as seen in FIG. 11.
I0081. To study the effect of variations in the primary vari
ables (CCT and IOPT) on the performance of the proposed
GA/NN method, a limited parametric study was conducted.
Three values each of CCT and IOPT were selected, resulting
in a total of nine cases. A synthetic GAT was first generated by
FE simulation for each of the nine cases to provide target
applanator responses. The corresponding IOPG values com
puted from these FEGAT simulations are shown in Table 6.
As expected, the IOPG values underestimate the correspond
ing IOPT values for thin corneas and overestimate them for
thick corneas. This observation is consistent with the general
understanding of the error in GAT, as the corneal stiffness
increases with CCT. A tear meniscus correction of 5 mmHg
has been applied to all cases shown below. This accounts for
IOPG values being lower than the corresponding IOPT values
for the thinner corneas.
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(represented by Ep) of the cornea. In FIG. 14, the filled square
symbols representing IOP predictions by GA/NN are mean
values from 10 runs and the bars indicate the mean plus or
minus standard deviation (S.D.) of the GA/NN results. It
might be inferred from FIG. 14 that the most appropriate

TABLE 6

IOPG Values (minHg) by GAT (FE Simulation):
CCT

(nm)

IOPT = 11 mmHg.

IOPT = 16 mmHg.

IOPT = 24 mmHg

450
550
900

9.9
11.5
18.4

14.6
16.0
22.2

21.9
23.3
28.7

0082 Next, the proposed GA/NN method is applied to
these nine cases to predict the IOPT values. A total offive GA
runs were performed for each case. These five results again
differ because each GA run starts with a completely random
initial population. The mean and standard deviation (S.D.) of
the predicted IOPT values from the five GA runs for each case
are shown in Table 7.
TABLE 7

Mean (S.D.) of Predicted IOPT (mmHg) from Best Fitness Individual
of Five GANN Runs:
CCT

(Lm)

IOPT = 11 mmHg.

IOPT = 16 mmHg.

IOPT = 24 mmHg

450
550
900

11.6 (1.74)
10.5 (1.33)
13.8 (2.66)

15.3 (2.25)
16.6 (1.25)
16.1 (2.05)

22.9 (1.82)
22.2 (2.82)
22.1 (1.82)

0083. The results shown in Table 7 show that the proposed
GA/NN method reduces the error in GAT readings to an
acceptable level.
0084. Further insight can be gained by considering the
application of the proposed method to a well known clinical
case. Johnson et al., Supra, report the case of a 17-year-old
woman with an unusually high CCT (900 um). Her clinical
GAT readings were consistently very high (30-40 mmHg),
which indicated that she was at high risk of developing glau
coma, even though she presented normal visual fields. After
prolonged and unsuccessful treatment with medication to
lower her intraocular pressure, her actual IOP was revealed by
cannulation to be only 11 mmHg.
I0085. A FE cornea model with a CCT of 900 um was
developed according to Equation (1). Initially, Ep was
assumed to be 0.23 MPa, with the other material parameters
determined from the correlations mentioned previously. FIG.
12 is a graph showing a cross-sectional view of the deformed
shape of the applanated cornea from GAT simulation of the
clinical case just described. The Goldmann applanation
tonometer (IOPG) reading is 18.3 mmHg.
I0086 FIG. 13 is a graph showing a target response curve
from synthetic GAT simulation of the clinical case of FIG. 12.
This shows the applanator response history from the simula
tion. The simulated IOPG reading is 18.3 mmHg.
0087. The actual cornea material properties, however, are

not known in this clinical case; therefore six E values, rang
assumed value of E, the IOP by GAT (via FE simulation) was

ing from 0.15 MPa to 0.35 MPa were assumed. For each
compared with that obtained by the proposed GA/NN
method. FIG. 14 shows a comparison of these results.
0088 FIG. 14 is a graph showing an IOPT prediction by
different methods for a clinical case with a CCT of 900 um.
IOP predictions by the proposed method are satisfactory, in
spite of the wide variation in the assumed material properties

value of E for this particular clinical case is in the range

0.30-0.35 MPa since in that range the FE GAT simulation
provides IOP estimates consistent with the clinical GAT read
ings of 30-40 mmHg as reported by Johnson et al., Supra.
I0089. The effect of applying higher levels of applanating
force is now discussed. The standard applanation response is
obtained by applying force via the GAT until the diameter of
the applanated area is equal to 3.06 mm. It is reasonable to
expect that the response curve would contain more informa
tion if the applanating force was increased beyond the Gold
mann force level. Of course, the applanating force must be
kept within safe limits, and any proposal to increase its mag
nitude would have to be studied very carefully.
0090 FIGS. 15 and 16 show the results of a limited inves
tigation of this hypothesis for the clinical case described
above. FIG. 15 shows IOPT predictions by GA/NN obtained
from the original standard applanation response (the same as
FIG. 14). FIG. 16 shows IOPT predictions obtained from the
applanation response curve computed by applying an
applanating force 50 percent higher than the maximum GAT
force level. The IOP predictions appear to be more accurate
when the maximum applanating force is increased by 50
percent.

I0091 Material Characterization of Cornea by Self-learn
ing Simulation (SelfSim).
0092 Previously, practical tools to determine TOP with
acceptable accuracy were introduced. The GA also has the
demonstrated capacity to identify the material parameters for
a postulated analytical (Extended Fung) material model.
Although this nonlinear material model displays appropriate
general characteristics, its applicability to modeling of the
behavior of the human cornea remains to be more thoroughly
verified.

0093. Another approach to establishing a suitable indi
vidualized material model, which does not impose any pre
conceptions of how the cornea behaves, is to instead use
neural network (NN) technology along with a self-learning
algorithm, called the Autoprogressive algorithm, to learn
this behavior directly from observed applanation response.
For more in-depth discussion of the Autoprogressive algo
rithm, see U.S. application Ser. No. 10/409,882, filed Apr. 9,
2003 and entitled “Methods and Systems for Modeling Mate
rial Behavior” as applied to the design and construction of
structures Such as tunnels, underground sewers, foundations,
buildings, etc. U.S. application Ser. No. 10/409,882 is
assigned to the same assignee as the current application, and
is hereby incorporated by reference. The Autoprogressive
algorithm was later embodied in the SelfSim (Self-Learning
Simulation) software platform.
(0094. The overall strategy is to first employ the GA/NN
methodology described above to establish an accurate esti
mate of the true intraocular pressure (IOP), and then to use
this estimated IOP as a known preload in SelfSim to extract
the NN material model of the cornea. The two-step procedure
may be used iteratively, but this possibility has not been
investigated herein.
0.095 The measured input and output of any system can be
used to develop a NN model of the behavior of its compo
nents. The SelfSimplatform was developed for training a NN
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constitutive model from observations of the global response
of a “structure in this case the response of the cornea to
applanation. In conventional parameter optimization tech
niques, parameters are selected so that the system response
closely matches the measured response whereas in SelfSim,
the NN material model is iteratively updated during succes
sive load passes and gradually improves. Moreover, all of the
parameter optimization techniques work within the frame
work of a pre-selected analytical material model formulation;
in the Autoprogressive algorithm, the material stress-strain
relationship is learned without the need for specifying an
analytical framework.
0.096 AGAT simulation can be viewed as a structural test
which provides the global structural response (applanating
force versus apical displacement) history. SelfSim can be
used to extract the NN representation of the cornea material
model from this information.

0097. A step in this procedure is to select an appropriate
NN material model architecture to properly represent the
cornea material behavior (i.e., selection of input and output
node information). Because the cornea behavior strongly
depends on the physiological stress (due to IOP), the NN
model should have input nodes that specify the state of the
physiological stress in addition to input nodes that specify the
current Strains.

0098. The SelfSim algorithm is briefly described here for
completeness. It has two distinct components: a self-learning
neural network (NN) representation of material behavior and
analgorithm for employing global response data to iteratively
update the NN connection weights, thereby gradually
improving the global response prediction accuracy.
0099 Artificial neural networks (NNs) are very useful
because of their functional mapping properties and their abil
ity to learn from examples. The concept of using neural net
works in constitutive modeling was introduced by Ghaboussi
et al. (1991). The NN material model defines the relationship
between stresses and strains (or their rates) as in conventional
analytical material models. But it learns the constitutive
material behavior directly from experimental data and stores
that knowledge in its connection weights. This learning capa
bility of NNs provides a fundamental new capability in mod
eling material behavior, i.e. the NN material model is able to
generalize the specified experimental data but also continu
ously adapt to new data. Typically, current strains (or strain
rates) are inputs to the neural network; additional inputs can
be stress and strain histories in the case of history dependent
materials. The output is typically current stresses or stress
rates.

0100. A general notation to compactly represent the NN
architecture may be represented by:
{output parameters. NN (input parameters: {NN
architecture).

(6)

0101. The symbol NN stands for multi-layer feed forward
neural network (NN) which is the most common choice for
NN material modeling. The first argument in equation 6
specifies the input variables to the NN. It includes current
strains and additional inputs for previous stress and strain in
case of history dependent materials. The second argument
describes the NN architecture represented by a number of
nodes at each layer. “Output parameters' usually indicate
stresses as the outputs of the NN.
0102 FIG. 17 shows the architecture of a typical neural
network material model which is one-dimensional and his

tory dependent. Equation 7 shows the symbolic notation rep
resenting the neural network model in FIG. 17.
o'=o NN (e", o”, e”: 3-4-3-1)

(7)

0103) Neural network (NN) material models can use their
learning capability to model constitutive behavior using
information from material (i.e., specimen) tests, which are
usually intentionally designed to result in states of stress or
strain in the specimen that are spatially uniform, or nearly so.
This approach may require a large amount of experimental
data for different applied loading patterns or combinations
thereof in order to successfully develop a comprehensive
material model.

0104. In contrast to such conventional specimentests, glo
ball tests on complete structures generally produce stress and
strain fields in the structure and its components that are not
spatially uniform; global response data from Such tests is
therefore much richer in information than response data from
material (specimen) tests.
0105. The Autoprogressive algorithm provides an effec
tive means for extracting and utilizing this information from
global tests to essentially provide, from even a single global
test, a wide spectrum of cases for NN training. This algorithm
which was developed by Ghaboussi et al. (1998) provides the
fundamental basis for development of the SelfSim software
platform. The algorithm uses the partially-trained neural net
work (NN) in an iterative non-linear finite element (FE)
analysis of the test structure in order to extract approximate,
but gradually improving, stress-strain information with
which to further train the neural network.

0106. In order to get the algorithm started, the NN material
model must be pre-trained. While there is some freedom in
selecting pre-training cases with which to initialize the NN, it
has been found convenient to use cases generated from a
linear elastic constitutive model. This initial behavioral

description does not have to be exact because the pre-training
data is excluded from updated training data after a few load
ing stages of the Autoprogressive non-linear FE simulation,
and is therefore eventually “forgotten” by the neural network.
0107 FIGS. 18A, 18B, and 18C display a series of steps
defining an Autoprogressive algorithm training framework. A
structural test provides two complementary boundary mea
surements of loads and displacements as illustrated in FIG.
18A, step 1. This structural test is of the actual cornea taken in
a laboratory or in the field. In FIG. 18B, or step 2, the struc
tural test is computer simulated by applying the global load
(or displacement) incrementally. For each load increment,
two FE structural analyses are performed using the partially
trained neural network material model. The label Pindicates

pressure and the label U indicates displacement.
0108. In step 20a) of FIG. 18B the measured loads are
applied to a FE analysis with a NN material model. The
resulting stress field provides an acceptable approximation of
the actual stress field because the measured loads are used and

equilibrium is satisfied. The resulting strain field in step 20a)
is considered to be a poor approximation of the actual strain
field because the resulting displacements do not match mea
sured displacements. In step 2(b) of FIG. 18B the measured
displacements are imposed to a FE analysis with the same NN
material model. The resulting strain field provides an accept
able approximation of the actual strain field because the mea
Sured displacements are used and compatibility is satisfied.
The resulting stress field in step 2(b) is considered to be a poor
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approximation of the actual stress field because the resulting
loads do not match measured loads.

0109 FIG. 18D displays a graph comparing the structural
response by field measurements with the structural response
by forward analysis that uses the Autoprogressive algorithm
and computer simulations. Note that the two follow closely
and slightly diverge at large displacements and pressures.
0110 Stress-strain sets from steps 2(a) and 20b) are col
lected to update the NN connection weights at a given loading
stage. This entire process (two FE analyses and updating
neural network weights), is called a “cycle.” Several cycles
can be repeated to satisfy the error criteria within the given
loading stage. The entire sequence of loading stages for the
structural test is termed a “pass. Usually, a NN material
model will continue to improve with additional passes, until
the material behavior has been learned sufficiently well that
the global structural response is closely matched by a “for
ward analysis (one in which the connection weights of the
NN material model are frozen, and no additional training
takes place).
0111. The SelfSim software platform employs the Auto
progressive algorithm and incorporates many additional fea
tures Such as a graphical user interface and utilities for han
dling the large collection of continuously evolving stress and
strain sets training sets. For example, the NN can be reinitial
ized at any time during the training if it helps to develop better
stress and strain sets.

0112 FIG. 19 is a flowchart for material characterization
of the cornea by self-learning simulation (SelfSim), which
may be programmed in C++ and include separate modules, as
shown. The commercial package ABAQUS 6.3.1 may be
used for the FE analysis in the Forward Run Module. At block
1910, a main module is provided to track multiple iterations
or cycles and multiples passes of the Autoprogressive algo
rithm as discussed. At block 1920, a Pre-training Module
conducts whatever pre-training is necessary. The type of pre
training found to be most productive is to pre-train on a data
set from a linear elastic constitutive model, linearly isotropic.
The pre-training data is later excluded from the evolving
training set generated via the Autoprogressive algorithm in
SelfSim (discussed below). At block 1930, a Forward Run
Module includes load controlled analysis and displacement
controlled analysis to conduct forward analysis using the
Autoprogressive algorithm. At block 1940, a third module is
for collecting data from the training cases. At block 1950, a
NN Back Propagation Module provides updated sets of strain
and stress databack into the Forward Run Module in order to

iteratively produce increasingly more accurate material
parameters of the cornea.
0113. The determination of a NN material model from
synthetic GAT applanation response data using SelfSim is
now described. It is assumed that the true TOP is known.

Synthetic target data is used for initial development and
evaluation for several practical reasons which have already
been discussed.

0114 FIGS. 20A and 20B respectively show a synthetic
target applanated cornea and a target response of the applan
ated cornea. The synthetic target response is determined by
FEGAT simulation for CCT=500 um, IOP=15 mmHg, using

the analytical Extended Fung material model with E=0.23

MPa. FIG.20A shows the applanated shape for the target case
while FIG.20B shows the target applanation response (appla
nation force versus displacement of the cornea).
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0.115. A new simulation-based methodology for accurate
determination of intraocular pressure is proposed. The meth
odology uses a combination of genetic algorithm (GA) and
neural networks (NN) to minimize the difference between the
measured applanation response history and the response his
tory obtained from a finite element (FE) simulation of Gold
mann applanation tonometry. The performance of the pro
posed method has been demonstrated through a parametric
study and by comparisons with a well-known clinical case
reported in the literature. See Johnson et al., Supra. The results
show significant improvement compared to uncorrected
Goldmann applanation tonometry. The proposed method is
computationally efficient because a trained NN is used within
the GA to replace the large number of nonlinear FE simula
tions needed for fitness evaluation.

0116 Characterization of mechanical properties of the
individual human cornea will make it possible to fine tune
laser refractive Surgery and improve its outcome. This can be
done through virtual Surgery. A significant number of laser
refractive Surgeries, including LASIK, intended to improve a
patient's vision lead to sub-optimal results that affect periph
eral and night vision. A smaller number of laser refractive
Surgeries lead to medical complications. This disclosure will
allow development of individualized laser refractive surger
ies based on the measured mechanical properties of each
individual cornea, thus avoiding Sub-optimal results and cer
tain medical complications.
0117. Although the focus of the present disclosure has
been on determination of intraocular pressure (IOP), the pro
posed GA/NN methodology may also be used to (1) calibrate
specific corneal material models, and (2) estimate central
corneal thickness. The broader applications of the methodol
ogy are in minimally invasive in Vivo quantitative character
ization of the mechanical properties of soft tissues in general.
Quantitative characterization of the mechanical properties of
Soft tissue not only will have important applications in bio
medical research, it will also have clinical applications in
disease diagnosis, monitoring, and virtual Surgery. Monitor
ing the mechanical properties of the human cornea also has
potential application in diagnosis and disease progression.
These latter potential applications are part of the broader
impact of the proposed methods.
0118. The terms and descriptions used herein are set forth
by way of illustration only and are not meant as limitations.
Those skilled in the art will recognize that many variations
can be made to the details of the above-described embodi

ments without departing from the underlying principles of the
disclosure. The scope of the disclosure should therefore be
determined only by the following claims (and their equiva
lents) in which all terms are to be understood in their broadest
reasonable sense unless otherwise indicated.

0119 The methods disclosed herein include one or more
steps or actions for performing the described methods. The
method steps and/or actions may be interchanged with one
another. In other words, unless a specific order of steps or
actions is required for proper operation of the embodiment,
the order, and/or use of specific steps, and/or actions may be
modified without departing from the scope of the disclosure.
0.120. The embodiments may include various steps, which
may be embodied in machine-executable instructions to be
executed by a general-purpose or special-purpose computer
(or other electronic device). Alternatively, the steps may be
performed by hardware components that contain specific
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logic for performing the steps, or by any combination of
hardware, software, and/or firmware.

0121 Embodiments may also be provided as a computer
program product including a machine-readable medium hav
ing stored thereon instructions that may be used to program a
computer (or other electronic device) to perform processes or
methods described herein. The machine-readable medium

may include, but is not limited to, floppy diskettes, optical
disks, CD-ROMs, DVD-ROMs, ROMs, RAMs, EPROMs,

EEPROMs, magnetic or optical cards, propagation media or
other type of media/machine-readable medium suitable for
storing electronic instructions. For example, instructions for
performing described processes may be transferred from a
remote computer (e.g., a server) to a requesting computer
(e.g., a client) by way of data signals embodied in a carrier
wave or other propagation medium via a communication link
(e.g., network connection).
1. A probe tonometer comprising:
a probe located within a sleeve containing a spring-loaded
central core, the probe configured to contact a surface of
a COrnea,

a sensor to measure relative compression between the
sleeve and the probe when the probe contacts a surface of
the cornea; and

a processor to receive measurements from the sensor and to
calculate a displacement of the cornea relative to an
amount of force applied by the probe.
2. The probe tonometer of claim 1, wherein the probe is a
central probe to be located at a central target point of the
cornea, the probe tonometer further comprising:
an outer probe within a second sleeve containing a second
spring-loaded core, the outer probe to be located at a
position on the Surface of the cornea a distance away
from the central location, wherein the central probe is
slightly recessed with respect to the outer probe; and
a second sensor to measure relative compression between
the second sleeve and the outer probe when the outer
probe contacts the Surface of the cornea;
wherein the processor receives measurements from the
second sensor and calculates a second displacement of
the cornea relative to an amount of force applied by the
outer probe, and calculates deflection of the outer probe
relative to the center probe.
3. The probe tonometer of claim 2, wherein the outer probe
comprises four outer probes, each approximately equidistant
from the central probe and from each other.
4. The probe tonometer of claim 3, wherein each of the
central and outer probes comprise a microgauging differen
tial variable reluctance transducer (DVRT).
5. The probe tonometer of claim 4, further comprising:
a demodulator printed circuit card (PCC) in electrical com
munication with the microgauging DVRTs, wherein the
demodulator PCC receives the probe measurements and
signal conditions them before sending them to the pro
CSSO.

6. A computer-implemented method for accurate determi
nation of intraocular pressure (IOP) and characterization of
mechanical properties of a cornea, comprising:
measuring a cornea with a probe tonometer to produce at
least force versus displacement data over a range of
applied forces; and
forming a model of corneal constitutive parameters, with a
computer having a processor, based on the data obtained
by the probe tonometer to more accurately determine
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IOP and characterize mechanical properties of the cor
nea, wherein the computer is coupled with the probe
tOnometer.

7. The method of claim 6, further comprising:
determining a set of insitu stresses in the cornea Subject to
IOP prior to applanation comprising:
artificially increasing the initial linear stiffness of the
cornea by a suitable factor; and
applying intraocular pressure (IOP) to determine insitu
stresses which equilibrate the IOP without producing
appreciable deformations;
determining, at each of a plurality of material force refer
ence points, a plurality of strains that would be consis
tent with the set of insitu stresses by use of an iterative
numerical process; and
modeling a target response of applanation tonometry by
computer simulation of the computer by combining, at
each material force reference point, the modeled corneal
constitutive parameters and the plurality of strains.
8. The method of claim 7, further comprising:
executing a genetic algorithm (GA) by the computer to
determine an individual IOP finite element (FE)
response that Substantially produces the target response
of the cornea under applanation; and
determining from the individual IOP FE response a set of
IOP and cornea nonlinear elastic material parameters.
9. The method of claim 8, wherein the GA comprises a
string of encoded variables that represent variables in a func
tion that defines a curve of the target response to be produced.
10. The method of claim 9, wherein the variables that are

encoded comprise IOP, the modeled corneal constitutive
parameters, and central corneal thickness (CCT).
11. The method of claim 8, further comprising:
maximizing a fitness function that comprises an inverse of
the difference between the applanator displacements
from the FE response and target applanator displace
ments generated by masked FE simulation.
12. The method of claim 11, wherein the fitness function

comprises:

1

F=

W

1+

individual Response - TargetResponse
TargetResponse,

where N is a number of discrete points on a curve of the
applanator response.
13. The method of claim 8, wherein the individual IOPFE

response comprises a simulated FE probe tonometer or Gold
mann Applanation Tonometer (GAT) response calculated
through a trained neural network.
14. The method of claim 7, further comprising:
iteratively performing:
randomly selecting from a set of variables, within a
predetermined range, that include a plurality of mod
eled corneal material parameters, central corneal
thickness (CCT), and IOPT:
checking stability of the plurality of modeled corneal
material parameters for the corneal model to ensure
that an initial tangent stiffness matrix is positive defi
nite;

running a GAT or probe tonometer simulation using the
predetermined set of variables; and
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collecting sets of outputs of applanator displacement d,
corresponding to applanating force p,
calculating a mean-squared-error function (EMSE) from a
comparison between the target response and the sets of
outputs d, p, and
adjusting the randomly selected set of variables to train a
neural network (NN) to converge on a curve of the target
response.

15. The method of claim 14, further comprising:
executing a genetic algorithm (GA) that uses as its input the
sets of outputs d, p, to determine an individual IOP
response that Substantially produces the target response
of the cornea under applanation.
16. The method of claim 15, further comprising:
determining from the individual IOP response a set of IOP
and cornea nonlinear elastic material parameters.
17. A computer-implemented method of modeling the con
stitutive material properties of a cornea, comprising:
conducting at least one global structural test of a cornea
with a probe tonometer to produce complementary
boundary measurements of loads and displacements,
which are collected by a computer having a processor
that is coupled with the probe tonometer;
conducting a forward analysis by the processor of the cor
nea with use of an Autoprogressive algorithm through
executing iterative cycles of sets of load stages, each set
of load stages comprising:
simulating the global structural test by applying a global
load and a global displacement incrementally to a

partially training a history-dependent neural network
(NN) model of the constitutive material properties of
the cornea with the sets of strains and stresses;

updating at each Successive loading stage a plurality of
connection weights of the NN with the sets of strains
and stresses extracted from the simulation; and

inputting outputs of the Autoprogressive algorithm back
into the Autoprogressive algorithm, wherein the out
puts include increasingly more accurate sets of strains
and stresses of the modeled cornea.

18. The method of claim 17, wherein at each load incre

ment the simulating step comprises:
performing two finite element (FE) analyses with the NN
material model, one with measured loads applied and
one with measured displacements applied.
19. The method of claim 17, wherein the FE analyses
comprise synthetic Goldmann Applanation Tonometer
(GAT) applanator response.
20. The method of claim 17, wherein the FE analyses
comprise synthetic multiple probe tonometer (MPT) applana
torresponse.

21. The method of claim 17, wherein inputs of the Auto
progressive algorithm comprises at least one of current
strains, current strain rates, and histories of stresses and
strains.

22. The method of claim 17, wherein outputs of the Auto
progressive algorithm comprises current stress rates.

simulation of the cornea to extract sets of strains and

stresses therefrom;

c

c

c

c
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