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Abstract

When light is incident on an object it gives rise to a reflectance spectrum
which our eyes filter into three colour (red, green and blue) intensities. The
novel technique of ’spectral filter optimisation’ uses N+1 filters to recover N
different parameter values which contribute to a given spectrum. The tech-
nique chooses filters which, when applied to sample spectra representing all
points in N dimensional parameter space, minimize the uncertainty in recov-
ered parameter values. In this report we describe the technique in general
and apply it to a simple one-dimensional parameter space problem. In this
problem the spectrum of reflected light from a material with known light scat-
tering and absorption characteristics laid on top of a material with similar
light interaction behaviour is modelled. The single parameter being studied
is the thickness of the top material and the technique finds two filters which,
when applied to each spectrum in a set of standard spectra, minimise the er-
rors in estimating the known thicknesses of that set given that each spectrum
will have some noise associated with it. We study four cases in which the
absorption characteristics of the two materials become increasingly similar
and observe the ability of the technique to estimate the unknown top layer
thickness from a spectrum with increasing levels of added Gaussian noise.
In order to assess the value of the technique we compare results with well
known linear multivariate spectral analysis methods. As expected the ability
to estimate the top layer thickness is reduced as the standard deviation of
added noise is increased and as the two materials’ absorption characteristics
become more alike but the technique consistently performs better than the
linear multivariate methods because of its inherent error handling capability.
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Chapter 1

Introduction

The technique of spectral filter optimisation (SFO) has been developed to en-
able an accurate assessment of the relative abundance of blood and melanin
in the skin when the area of interest is photographed using a digital camera
with suitable colour filters[1]. In this report we describe the technique and
apply it to a simplified problem (with only one unknown parameter to be
determined). As part of the process of SFO it is necessary to produce sample
spectra covering the range of interest of the unknown parameter whilst linear
multivariate calibration techniques attempt to model the relation between a
dependent variable (our parameter of interest) and the measured indepen-
dent variables (our sample spectra)[2].It is therefore beholden upon us to
compare the novel SFO technique with the classical linear multivariate tech-
niques of Principal Component Regression (PCR) and Partial Least Squares
(PLS) when applied to our data and to show the relative advantages and
disadvantages of the new technique. In particular, when describing SFO, it
will become apparent that the technique explicitly incorporates assumptions
about the errors involved in physical measurements of data which the linear
multivariate methods do not.



Chapter 2

Spectral Filter Optimisation

2.1 A simple reflectance model

When light of a given spectral intensity I;(A) is incident on the surface of
a material some of it will undergo Fresnel interface reflectance (sometimes
referred to as spectral or surface reflectance) and the remainder will enter
the material where it may be scattered or absorbed. Emerging scattered
light (which we shall refer to as body reflectance) will add to the interface
reflectance to yield the remitted spectrum I,.(X).

In the dichromatic reflection model of Shafer [3] or the standard reflectance
model [4] the spectrum of remitted light intensity, I,.(\), from any point on
the surface into a particular direction can be expressed as the sum of a surface
reflectance and a body reflectance and each of these can be expressed as the
product of a scalar geometry term and a wavelength dependent term which
is independent of geometry.

1,(V) = Li(NGs + (NG, (2.1)

where Ls(\) and Ly(\) are the spectral distributions of the intensities remit-
ted from the surface and body components respectively and G, and G, are
geometric scale factors. Thus, if the position from which a point on the sur-
face of an object is being observed changes or if the position from which the
point on the surface is being illuminated changes then the remitted spectra
from surface and body will each have an unchanged wavelength dependent
factor whose scaling changes. If we define wavelength reflectance functions
hs(A) and hy(A) such that Lg(A) = hs(A)L;(A) and Ly(N\) = hy(N)1;(N) we can
write

1Y) = LOVh(NGs + L (NG (2.2)



Healey [5] has shown the validity of these approximations when the scatter-
ing material is metal (the body scattering term is neglected) and when the
scatterer is a dielectric. Lee [6] and Tominaga & Wandell [4] [7] have used the
model to separate the interface reflectance from the body reflectance. Preece
& Claridge [8], in considering the reflectance from skin, ignore the interface
reflectance and derive a technique which enables N parameter recovery using
N+1 colour filters to characterise the reflectance spectra.

2.2 The N-+1 filter model
Ignoring the interface reflectance term in 2.2 we have
L(A) = LM (NG (2.3)

Applying a set of filters Fj(A\)l =1,2,.. , N + 1 to the reflectance spectrum
will yield a set of image values

cl:Gb/Ii()\) hy(\) Fi(A) dA I=12,.. N+1  (24)

associated with each reflectance spectrum. By constructing the N ratios

. Cm+1(/\) . f ]i(/\) hb(/\) Fm-i-l(/\) dA m=1.2
G = a(A) [ L) hy(N) Fi(A) dA I

N (25)

Preece & Claridge [8] created a geometry independent relationship between
the object being imaged and the quotients ¢,,. In addition to removing
dependence on the term G, the brightness of the illuminant can also be
ignored since the incoming intensity can be arbitrarily normalised

LX) =k 1y;(N)

without affecting equation 2.5.

Consider imaging a scene with N parameters. We define an N dimensional
space P (parameter space) in which the vector p =< py,pa,.. ,py > (where
p; is the value of parameter j) represents one point. Each such point gives rise
to a reflectance spectrum which we derive through a suitable model and then,
by a suitable choice of N+1 filters, to the quotient vector q =< ¢1, g2, .. ,qn >
(via equation 2.5) in N dimensional ) space. This defines the vector mapping
v from parameter space to quotient space

q=v(p)



with its associated Jacobian

on Om  Om
dp1 9Ops Ipn

J=1 - ... ... .. (2.6)
Op1 Opa OpN

If the mapping v is chosen so that the determinant of the Jacobian is non-
zero over the whole of parameter space then we can say that the mapping is
locally one-to-one and invertible for any value of p. Thus, at any point in
parameter space we can construct the inverse Jacobian

oy Op o Opy
O 0gy dqn

J =1 ... .. (2.7)
O 0gy dqn

The form of the mapping v is determined by the choice of filters in equation
2.5. These in turn are chosen to ensure that the determinant of the Jacobian
is everywhere non-zero and also to minimise the sum (over all parameter
space) of errors in the parameter space vectors p which are introduced by
experimental errors and projected through the inversion process back into
parameter space.

Two sources of error were highlighted by Preece & Claridge both of which
can be expressed as errors in the image values ¢; (equation 2.4). The first
is an assumed constant error in each ¢; introduced by the camera and the
second is an error in each reflectance spectrum calculation (equation 2.3)
which is passed on to the ¢; values through equation 2.4. Thus, we have
an error associated with the I'th image value and with the parameter space
location p which is the outcome of two independent errors

0a(P) = /02 c(P) + 0% 5(P) (2.8)

where 0., ¢(p) is the constant camera error

Ucl,C(P) =0c

and o, s(p) is the error introduced by the body reflectance spectral error
(os(A)) at wavelength A

0e,s(P) = \//(Os(A)Fz(A))?d/\ : (2.9)
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Using o, (p) we can derive the error in every parameter value p,, at all points
in parameter space

N+1

7 (0) = \| 3 (2202 )
=1

Noting that
Opn _ 1 Opn

dec B c10q1—1

[=2,.N+1

and

N
1 p apn
5. (P) = —| o2 (P)D 9 7 Z % (P)(Gg) (2.10)

&1

with the partial derivatives obtained from J~' (equation 2.7) evaluated at
each point p in parameter space.

2.3 The N-+1 filter model when N=1

In comparing the technique with alternatives we will consider the simplest
case of a one dimensional parameter space and two filters (F;(\) and Fy(A)).
Thus we have one parameter p and the mapping of the parameter space
consists of setting a linearly spaced range of values of p from p,.;n t0 Prae-
For each value of p we evaluate a reflectance spectrum I,.(\) by modelling
the transport of light in the material. Using the set of spectra and assuming
there is Gaussian noise on the spectral data (os(\) in equation 2.9) we then
construct the mapping p — ¢ given by

f I.( A)dA
Q(p> f I( d/\

(the p dependence emerging through 7,.(\)). Our Jacobian reduces to g—; and

its inverse to 22 yleldmg a parameter error (equation 2.10)

1(9p

= 2
. aq\/q 02 (p) + 02 (p) . (2.11)

It is the errors o(p) Pmin < P < Pmaz that we minimize by using an optimi-
sation technique to select Fj(\) and Fy(\).



Chapter 3

Linear Multivariate Techniques

When dealing with the highly correlated information associated with spectra
it is common practice to apply linear multivariate analysis methods which
replace the large number of independent variables (the wavelength dependent
spectral values) with a few latent variables (each of which is a linear combina-
tion of the original variables) on which regression is performed. The method
of choosing the latent variables defines different techniques and the most
commonly known are principal component regression (PCR) and partial least
squares (PLS). More recently these have been shown to be a subset of prin-
cipal covariates regression [9] (a continuum regression technique[10] in which
the value of an adjustable parameter determines how the latent variables are
constructed). These methods of inverting spectral data are broadly used and
have been applied to studies on skin cancer[11], the ripeness of tomatoes[12],
contaminants in groundwater[13][14], the classification of wheat[15], fungus
in corn[16], pulp yields in paper production[17] and many others (see the
review articles by Thomas [18] and Brown et. al. [19] for further examples).
Given a sample set of spectra with known values for the dependent variable
these methods use linear modelling (or soft modelling[20]) to approximate
the relations in the data. These linear approximations are developed about
a typical sample value and for this reason the dependent and independent
variables need to be centred by subtracting the mean at each wavelength
from the spectral values and the mean of the dependent variable values from
the dependent variable values.

By using the NIPALS algorithm|[21] for PCR we extract the principal compo-
nents in such a way that the component representing the maximum spread
on our centred spectra is removed first. Similarly in PLS we use orthog-
onalised partial least squares regression[22] to extract scores such that the
maximum covariance between the remaining centred spectral data and the
remaining centred dependent data is represented at each iteration. Deciding



how many latent variables to extract in either case determines the size of the
soft model and is the most critical step in the process and remains more art
than science[20]. If too few latent variables are used then the linear model
will insufficiently represent the complexity of the relationship between the de-
pendent and independent variables whereas redundant latent variables may
be attempting to model noise in the sample data. We can avoid this problem
because our hard model of the interaction of light and matter will produce
both the sample spectra from which we build the regression models and the
test spectra with which we compare the techniques. The sample spectra will
have no noise associated with them, so that we can take arbitrarily many
latent variables until the remaining centred data has insignificant variance
(say 1072 of that associated with the first component/score). As we evalu-
ate the errors obtained when attempting to invert the test spectra we shall
simply choose the number of latent variables which yields the lowest error on
the reconstructed dependent variable.



Chapter 4

Experimental method

4.1 The one-dimensional problem

Using the method described in chapter 2 we define a one dimensional problem
which allows us to compare the ability of this technique with those of linear
multivariate methods to reconstruct the parameter value given multivariate
data (in the form of spectra). Consider the setup in figure 4.1. An infinite
homogenous layer of turbid material (material 2) lies beneath a thin layer of a
similar light scattering material (material 1) and diffuse light incident on the
top layer will either be absorbed in one of the materials or be scattered and
finally emerge to contribute to the reflectance spectrum. As the thickness of
material 1 is changed the reflectance spectrum will vary from that of material
2 only (when the layer thickness is nil) to that of material 1 only (when the
thickness is so great that no light penetrates to layer 2).

The parameters that will determine the spectra at the two extreme cases
are the macroscopic scattering and absorption cross sections in each material
(Xs1(A), Es2(A), a1(N), 2a2(A)) . The choice of these parameters is gov-
erned by the need to represent realistic physical quantities while keeping the
wavelength dependence as simple as possible. Thus scattering is assumed to
decrease inversely with the fourth power of the wavelength (in accordance
with Rayleigh scattering) with maximum values large compared to the ab-
sorption cross sections to ensure a reasonable reflectance from each material.
The scattering cross sections are depicted in figure 4.2.

Absorption cross sections were given a more flexible Gaussian variation with
wavelength. We have considered four different cases: a) where the two ab-
sorption cross sections have equal maxima and are well seperated with means
at 400 nm and 700 nm and each with a standard deviation of 80 nm; b) where
the two Gaussians are as in a) except that their overlap is much greater with
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Figure 4.1: Light being absorbed and scattered by a thin layer of material 1
lying on an infinite layer of material 2.

the separation of their means being equal to their common standard devi-
ation (80mm); c¢) in which the absorption cross section of material 2 has
been reduced and broadened (maximum reduced to half that of material 1
and standard deviation increased to 240nm) with the means separated by
100 nm; d) with absorption cross sections as in ¢) except that they have equal
means. The absoption cross sections for the four cases are depicted in figure
4.3.

The range of thicknesses of the top layer was chosen so that at a maximum
of 15 microns it made the probability of a scatter in the top layer very likely
(X1 (A =300nm) =1p7") .

10



Material 1 and material 2 macroscopic scattering cross sections
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Figure 4.2: Macroscopic scattering cross sections in the foreground (1) and
background (2) materials.

4.2 The sample reflectance spectra

Using our cross section data we can evaluate the reflectance spectrum for
a given thickness of layer 1 from the Kubelka-Munk model [23] (see [24]).
Although based on a simple energy flow balance this model yields reflectance
and (in the case of finite thickness layers) transmittance formulae which were
identified by Klier [25] as identical to the solution of the radiative transfer
equation (single energy transport equation [26]) when simplified to deal with
infinite area, homogeneous, intensely isotropically scattering layers [27].

We start with a thickness of zero (producing the reflectance spectrum of
material 2) and the four cases are shown in figure 4.4. These spectra are
independent of material 1 and show a high reflectance over the wavelength
range of the visible spectrum (due to the very large ratio scatter/absorption
in material 2) with a dip near the peak in the absorption cross section but
with its minimum shifted to higher wavelengths due to the corresponding
fall in ¥, 2(A). In the task of analysing the final output spectra obtained as
we add different thicknesses of layer 1 to layer 2 we can think of this as our
“base” spectrum onto which the increasing influence of the scattering and
absorption characteristics of material 1 is added until layer 1 is thick enough
to prevent transmission of light to layer 2. At that point we have the spectra
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shown in figure 4.5.

Increasing the thickness of layer 1 will have no further effect on these spectra
and they are independent of material 2. It is the transformation from the
“base” spectra in figure 4.4 to those in figure 4.5 (which we refer to as “the
layer 1 saturation spectra”) as we increase the thickness of layer 1 which
must be analysed in order to differentiate a given layer 1 thickness. The
four sets of spectra shown in figure 4.6 show the change in response as the
thickness of layer 1 is varied linearly from 0to 15 pu. This is a subset of our
sample spectra (there are 100 spectra in the full set) which we use to generate
optimal filters (in SFO), principal components and loadings (in PCR) and
scores and loadings (in PLS).

4.3 Results

In order to compare the three techniques we next generate a set of 100 test
spectra in which the thickness of layer 1 (y},7 = 1, 100) is randomly chosen to
lie in the same range (0to 15 1) as those of the sample spectra. We then invert
the spectra using the optimal filters from SFO to obtain yg, ;,7 = 1,100 and
the regression results from the linear multivariate methods PCR (to obtain
Yri @ = 1,100) and PLS (to give yg,,7 = 1,100). As error measures we use
the root mean sum of squares

100 4 / 2
i=1\Y; — Y i
RMSOSo/r/s = \/Z il 1OOO/R/& )

and the mean absolute percentage error

100

abs(Y; — Y6/r/s.)
MAPEo/ris = v /R[S,
i=1 i

As stated in chapter 3 we choose the number of latent variables in PCR and
PLS which yield the minimum error measure in each case. Not surprisingly
the three methods yield excellent results (since the same hard model was
used to generate both sample and test spectra) with, for instance, RMSOS
values of 7.5 x 107*u for SFO, 2 x 1073y for PCR (with 9 or more latent
variables) and 2 x 1078y for PLS (with 17 latent variables). To simulate the
effect introduced when dealing with real data we then add Gaussian noise
with a fixed standard deviation to our test spectra before inverting them to
calculate RMSOS and MAPE values. The process is repeated with increased
standard deviation up to a maximum of 2 x 1072 in steps of 2 x 10™* (our

12



test spectral values lie between 0.1 and 1). In figure 4.7 we show a selection
of the test data used in case a) with no added noise and then with added
Gaussian noise of standard deviations 0.001, 0.01 and 0.02.

The results are shown in figures 4.8 (RMSOS) and 4.9 (MAPE). As might
be expected the errors in all three techniques increase with the size of the
added noise. The influence of changing the method of linear multivariate re-
gression is insignificant when compared with the reduction in errors achieved
with SFO. To emphasize the difficulties encountered by linear multivariate
inversion when noise is added to the test data we plot the optimal number
of latent variables chosen (to yield the minimum errors plotted in figure 4.8)
in figure 4.10. Whereas, with no noise, many latent variables (typically 9 for
PCR and 17 for PLS) yield the optimum results, with increasing noise, the
fine tuning obtained with higher order soft models rapidly becomes a source
of increased error.

13
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Figure 4.3: Macroscopic absorption cross sections in the foreground (1) and
background (2) materials which determine our 4 cases a),b),c) and d).
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Material 2 base reflectance
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in our 4 cases (see figure



Layer 1 saturation spectrum Layer 1 saturation spectrum
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Figure 4.5: Layer 1 saturated spectrum in each of the 4 cases (see figure 4.3).
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Total reflectance
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Figure 4.6: Range of spectra as layer 1 d = 0 — 15u in the 4 cases (see figure

43).
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Test spectra
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Figure 4.7: Sample test data with added Guassian noise covering the range
of standard deviation in figures 4.8,4.9 and 4.10.
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Figure 4.8: Comparing the RMSOS errors in SFO, PCR and PLS as a func-
tion of the standard deviation of Gaussian noise added to test data in our 4
cases (see figure 4.3).
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Figure 4.9: Comparing the MAPE in SFO, PCR and PLS as a function of
the standard deviation of Gaussian noise added to test data in our 4 cases
(see figure 4.3).
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Figure 4.10: Number of components/scores used to obtain minimum RM-
SOS errors in PCR/PLS inversion of test spectra as a function of standard
deviation of added Gaussian noise in our 4 cases (see figure 4.3). (Note the

logorithmic x-axis to enhance the display. The x-axis origin corresponds to
no added noise).

21



Chapter 5

Discussion

The broad swathe of applications of linear multivariate analysis make it a
powerful diagnostic which is continually being refined [19]. Its main ad-
vantage is its ability to build linear models which describe the relationship
between many dependent variables and many independent variables by con-
sidering the statistical correlation between the variables without any need to
understand the physical processes involved in those relationships.

By comparison SFO must know a priori the total number of independent
variables(N). This enables it to create a nonlinear mapping to N ratio values
constructed from N+1 filters. In order to build the nonlinear mapping SFO
requires sample spectra covering the entire N dimensional parameter space
so as to construct an accurate approximation to the Jacobian at any point.
These two requirements, although not necessitating it, are most easily met
when a theoretical model exists linking the unknown (dependent) variables
with the multivariate data (spectra).

The chief advantage of SFO is its automatic inclusion of realistic physical
errors into the filter construction process. Its minimization of the error prop-
agation from source (camera, spectrum, etc.) through to the dependent
variable evaluation ensures the technique focusses on accurate parameter re-
covery.
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