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Abstract

In this study, we consider the reconstruction of a diffuse reflectance near-infrared spectrum of an object (target spectrum)
in case the object is covered by an interfering absorbing and scattering layer. Recovery is performed using a new empirical
method, which was developed in our previous study. We focus on a system, which consists of several layers of polyethylene
(PE) film and underlayer objects with different spectral features. The spectral contribution of the interfering layer is
modeled by a three-component two-parameter multivariate curve resolution (MCR) model, which was built and calibrated
using spectrally flat objects. We show that this model is applicable to real objects with non-uniform spectra. Ultimately, the
target spectrum can be reconstructed from a single spectrum of the covered target. With calculation methods, we are able

to recover quite accurately the spectrum of a target even when the object is covered by 0.7 mm of PE.
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Introduction

Diffuse reflectance (DR) spectroscopy of multilayer systems
is a highly demanded but poorly studied area. The literature
survey provides us with an overview of a few applications in
various fields. Pi et al.' studied cheese properties through
polyethylene (PE) film. The work by Saleem et al.? describes
the usage of near-infrared (NIR) spectroscopy for the
detection of specific chemicals when concealed under a
layer of clothing. It is found that concealment modifies
the spectrum of a particular chemical in a DR experiment.
The development of optical methods in modern medicine
and the investigation of optical properties of various bio-
logical tissues are considered in this study.’ It presents an
overview of absorption and scattering properties of skin
and subcutaneous tissues measured in a wide wavelength
range. Basic principles of measurement of the optical prop-
erties of tissues and techniques used for processing the
collected data are also outlined in literature. In particular,
Yang et al.* describe mathematical techniques to correct for
analyte-irrelevant optical variability in spectral properties of
a tissue overlying and within the muscle. The application of
a principal component analysis (PCA) is discussed for the
removal of inter-subject, analyte-irrelevant variations in

muscle scattering from continuous wave DR NIR spectra.
In Zieba-Palus and Borusiewicz,” IR microspectrometry and
Raman spectroscopy have been applied to the examination
of multilayer fragments of paints. A spatially offset Raman
spectroscopy is applied to a nondestructive analysis of thin
painted layers.

The current study investigates the spectra of various
samples covered by the layers of material of different thick-
ness. Diffuse reflectance NIR spectroscopy has been chosen
as the instrumental method. To begin with, and to simplify
the problem, we have chosen layers of PE as covering
material. Previously, we have succeeded in decomposition
of the collected DR NIR spectra of PE layers into three
components and interpretation of the physicochemical
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meaning of these components. The approach is described in
detail in the first part of the study.” A natural continuation
is the application of the described procedure for the recov-
ery of spectra of samples covered by PE. The goal of the
present study is reconstruction of the DR spectra of the
object of interest, further referred to as a target object,
from the spectra acquired through PE layers of unknown
thickness. At the first stage, we have investigated a system
of PE layers of different thickness disposed on the standard
underlayers, which are spectrally flat over a wide wave-
length range and have known reflectance factors. In this
paper, we apply the obtained results’ to systems that con-
sist of varying number of PE layers and real objects as an
underlayer. We deal with a case in which a measurement is
performed through several layers of PE and we cannot
change (or evaluate) the thickness of the PE layer.

For ease of understanding, the ‘Methods’ section begins
with an overview of the results obtained in the first part of
this research.’

Methods

Summary of the Results Obtained in the First Part of
the Research

During the first stage, as covered in the ‘Introduction,” we
have investigated the DR spectra of a system: “the multi-
layer PE cover of depth h disposed on a solid underlayer,
which is spectrally flat over a wide wavelength range with
the known reflectance factor r” Five data sets with under-
layers of various reflectance factors, 0%, 10%, 40%, 80%,
and 100% have been measured. For each underlayer, a set of
spectra with a different number of PE layers has been
acquired. The number of layers was in the range of 148,
and the overall corresponding thickness was in the range of
0.087—4.18 mm.

We refer to the spectral readings presented in reflect-
ance units as the R-domain. These values are converted
using logarithmic transformation,* A=—In(R), into
“absorbance units,” which are referred to as the A-
domain. It has been shown that any spectrum acquired
from data sets x(A), presented in the A-domain, can be
decomposed as a sum of three components

x(h) = ci(h, 1)s(K) + calh, 1)sa(h) + ¢5(h, r)sy(h) + e
(M

The error term e is rather small, namely | e]|//||x]|| ~ 0.4%.
Hereinafter, |x|| = /Y x7.

The model in Eq. | includes factors ¢, which depend on
the PE thickness, h, and the reflectance factor of an under-
layer, r, as well as spectra s, which depend on the

“In practice, a decimal logarithm is routinely used, but we prefer a
Napierian logarithm as it is more suitable for a theoretical discussion.
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Figure 1. Polyethylene pure component spectra: s,, transmis-
sion (I, green), s,, absorption (2, red), s,, scattering (3, blue).
Attenuation spectrum (4, magenta).

wavelength L. Three pure spectra s(A) involved in this for-
mula are presented in Figure |. Spectrum s, =1 does not
depend on the wavelength A and it stands for the direct
transmission/reflection effects. Spectrum s,(X) can be inter-
preted as the PE absorbance coefficient. Spectrum sy(\)
predominantly characterizes the PE scattering.

Coefficients ¢, ¢, and ¢, are the weighting factors,
which describe the contributions of each of the pure spec-
tra into spectrum x collected by a detector. These factors
depend on h and r, and they can be modeled by the follow-
ing explicit functions

Cr = Ft(ha r) Cq = Ftl(h’ r) Cy = FS(ha r) (2)

Functions for c,, and ¢, are rather complicated. The reader
can find them in the online Supplemental Material.

In Part | of this research,” we have demonstrated that
the weighting profiles obtained for the first component can
be perfectly described by a simple relaxation model

ci(h,ruL) = — ln[rpE + (ruL — "PE)e_kh] 3)

where ry_ is the reflectance factor of an underlayer,
rpe = 0.27 is the reflectance factor of PE, and k is an empir-
ical decay constant, which was found to be close to | mm™'
for the used PE samples. We have also shown that the ¢,
values for all data sets agree well with the spectral baseline
shifts, i.e.,

¢ (h, r) = minx(X, h) 4)

In case of a thin PE layer (h<0.6mm), it has been
shown that the general Eq. | can be simplified in the
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following way. Consider conventionally pre-preprocessed
spectra

X(\, h) = x(A, h) — min x(\, h) (5)
Finally, we obtain the equation,
XA, h) = h - cu(r)su(h) + e (6)

In this equation, spectrum s,(A) (curve 4, Figure |) rep-
resents the attenuation coefficient found in Pomerantsev
et al.” Weighting coefficient ¢,(r) depends on the underlayer
reflectance factor r, but not on the PE depth, h.

Thus, in the first part of the research we obtained the
following outcomes. We have found three pure spectra
si(A), sq(L), ss(1), and three corresponding weighting pro-
files c,(h, r), c4(h, r), cs(h, r). For the thin PE layer, we can use
a linear dependence on h and the attenuation coefficient
su(1). These results were obtained using a series of experi-
ments with the multilayer PE cover disposed on the exem-
plar underlayers with a known uniform reflection spectrum.
In the current research, we set two goals. The first one is
to test our “calibration” model and demonstrate its applic-
ability to a situation when an underlayer is a real object with
a complex NIR absorbance/reflectance spectrum. For this
purpose, we assume the spectrum of a target object to be
known. The second goal is to apply the ‘calibration’ model
for the reconstruction of the unknown spectrum of the real
target object in case the PE thickness is unknown.

Multivariate Curve Resolution (MCR)

Our approach to the determination of the target spectrum
is based on a fundamental bi-linear relation

X=CS'+E (7

Here, X is the (IxJ) matrix that contains the spectra in
the A-domain of | samples recorded for | wavelengths, C is
the (IxK) matrix of the weighing factors (pseudo-concen-
trations) related to K components, S is the (/xK) matrix of
the components’ spectra, and E is the (IxJ) matrix of
errors.

In general MCR theory, matrices C and S in Eq. 7 are
unknown. They can be estimated using the multivariate
curve resolution alternating least squares (MCR-ALS)
method, which comes to the following optimization problem

minimize ” X —CS! ” 2
s ®)

subject to constraints

Multivariate curve resolution alternating least squares is
a well-developed technique that is described elsewhere.”'°
This procedure consists of two steps, the C-type step and

the S-type step, which are repeated until convergence. At
the C-type step, the spectral profiles are fixed, S=S;,,, and
the € matrix is estimated using the unconstrained least
squares (LS) method. Afterwards, the estimated matrix
C,, is transformed into matrix C,,, to incorporate the
known constraints. For the S-type step, the concentration
profiles are fixed, C=C,,,, and matrix S is found applying a
similar LS estimator. Subsequently, matrix S;, is trans-
formed into matrix Sp,. to account for the spectral con-
straints. The manner of application of MCR-ALS for our
system is minutely presented in the first part of this
research’ and briefly described in the next subsection.

Multivariate Curve Resolution for Multi-Layer System
and Problem Ambiguity

Coming back to our problem, we suppose that the three
pure spectra presented in Eq. | may be used in a general
case of an unknown target. Our hypothesis is based on the
assumption that the sought-for spectrum of the underlayer
can be empirically represented as a sum of the reflectance
factor r, and an additional term, which models the specific
spectral features of the underlayer. The former term does
not depend on 2, it goes into the weighting factors in Egs.
-3 and does not add any new components. The latter
term depends on A and comprises specific spectral proper-
ties of the underlayer. Thus, the second term adds one new
component to the model. Therefore, we select the number
of components in Eq. 7 to be K=3 + | =4. The first three
spectra s|—s3 in matrix S are known from the analysis of PE
samples with standard underlayers and the last component
of S is the unknown spectrum s, of the target. Using this
approach, we arrive at the following optimization problem

. 2

minimize | X — [c1, €2, ¢3, ¢4][s1, 52, 83, 84]'

€1, €2,€3,C4,84 (9)
subject tos; =1;8; =8,;83 =5

It is evident that the solution of the task given in Eq. 9 is
not unique. As an example, we consider an important case
in which matrix X consists of a single spectrum x, i.e., [ = I.
If we select arbitrary non-negative values for c|, ¢,, and ¢,
and set ¢4 = I, the spectrum

S4 =X — 11 — 28, — €38 (10)

satisfies Eq. 9 exactly, E=0. In particular, we can obtain the
following trivial solution: ¢, =c;=c3=0, ¢4,=1, s4=x.
Needless to say that in a general case, when > |, we
have a similar problem with ambiguity. To resolve this
issue, we suggest using the relationships given in Eq. 2 for
calculation of the c-profile values.

Let us presume that both parameters, the reflectance
factor of the target, r, and the PE depth, h, are known, or
can be estimated (see the section, Assessment of r and h).
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In case I= I, the weighting factors c in Eq. 10 are selected
with respect to Eq. 2,

c1 =Fhr), c=Fihr), c=F(hr), c4=1
(11)

It is clear that the proposed estimation of the target
spectrum solves the Eq. 7 with the zero error E.
Therefore, no optimization in Eq. 9 is needed.

When I > |, we use a similar approach. Vectors ¢, ¢,
and c;3 are selected as ¢, =F,, ¢, =F,, ¢3 =F,, where vec-
tors F are calculated using the corresponding functions
given in Eq. 2, e.g., {F.}i=F4(h; r), where h; is the PE
depth in the ith sample. The unknown target components,
c4 and sy, are found in the course of the following opti-
mization problem

minimize HX —CSs! ||2
C4,84

subject to (12)
si=1; sy=s,  s3=sg

ci=F; c=F; c=F

Here, matrices C and S consist of two parts: the first three
components in each matrix, C;3={c|, ¢, €3} and S;3={s|,
sy, S3}, are known and only the last component, represented
by vectors ¢4 and sy, is unknown. In that case, the LS estima-
tors for matrices S and C are given by the equations

Cin={Cis, (X—Ci3Sjys;} (13)
Sin = {S13, (X —Ci38y)'e;}
where © means the matrix pseudo-inverse, i.e, A" =

AAA)™

The thin-layer approach presented in Eq. 6 can also be
used to estimate the target spectrum. Here we should
solve the following optimization problem

Ty 2
minimize| X — ¢2385; — cus}|

€23, €4, 84 (]4)
subject to sy3 = s,

Spectral matrix X is obtained from the raw matrix X
using the offset pre-processing given in Eq. 5. The first com-
ponent spectrum s,3 is set to be equal to the attenuation
coefficient s,. When matrix X contains a single spectrum X,
the weighting vectors ¢, and ¢4 turn into the numbers ¢, and
¢4. To avoid scaling ambiguity, we should select ¢, = I.

Spectra Comparison and Accuracy

After reconstruction of the target spectrum, we should
evaluate the quality of the result. The accuracy of the
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MCR modeling is conventionally evaluated by the root
mean square error (RMSE)

1
RMSE = —— |X = ChaShy | (15)

which estimates the error term E in Eq. 7. This measure
can be used in case a true target spectrum is unknown, but
it cannot be applied to the recovery of the target from the
single spectrum (I=1), because in the latter case E=0.
Let us suppose that the spectrum of the target object,
Sean is known. For example, it can be obtained in an inde-
pendent experiment or found in literature. Obviously, the
target spectrum is not unique because it can be arbitrary
scaled and shifted. To account for such an issue, we should
select coefficients k and m, which minimize the distance
between the estimate, sp,,, and the target, s, i.e.,

minimize||Ser — KShar — m1]? (16)

k.m

After that, the linearly corrected spectrum s .. = kSp,;
+ ml can be compared with the target spectrum s, using
conventional measures of similarity

d= dal | Star — Scor”/\/j; C = cor(Star» Scor) (17)

Here, d is the relative distance between the spectra, and
C is the correlation coefficient. The scaling factor dy can be
selected arbitrarily in order to simplify the interpretation of
the matching spectra. For example, RMSE can be used as a
scaling parameter in Eq. 17, i.e., dy = RMSE. In this case, the
quality of the target spectrum recovery can be assessed in
such terms as “better (or worse) than the modeling of the
whole spectral set X.”

Note that both quality criteria are not sensible to the
difference in the reflectance factor and primarily compare
the shapes (spectral features) of the two spectra. It is also
important to emphasize that the true spectrum s is
employed only for the assessment of the recovering quality
and is not used in the target reconstruction algorithm.

Assessment of r and h

We cannot expect that the reflectance factor of the target is
given in advance. The PE thickness is also a questionable
parameter, which is often unknown. This case has been con-
sidered Rodionova et al."' where the NIR spectrum of a
packed pharmaceutical substance was acquired through the
PE film. Despite the fact that the PE film thickness has been
carefully measured, the actual PE depth under the sensor
probe was unknown because of the folds of the film in dif-
ferent parts of the package. In this subsection, we show how
to get rid of the burdensome assumptions that both the
target reflectance factor, r, and the PE depth, h, are known.
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Factor r is found using the following approach. Let us
select a single spectrum x(A) from the data matrix X. In a
general case (I > 1), we should select the spectrum, which is
acquired at the minimal PE depth, ho. Let xo=min x()).
Applying Egs. 3 and 4, we obtain the estimate of the
target reflectance factor

X0

r=rpg + (€7 — rpp)e” (13)

Note that rpg and k are the specific PE properties, which
have been obtained in Pomerantsev et al.” at the develop-
ment stage of model (Eq. ).

The method used for the assessment of the PE depth is
more complicated. First, we should pay attention to the
strong peaks around 5600-5900 cm™' (Figure 1). The rea-
sons for the special attention to the abovementioned spec-
tral region are high values in the absorption s, and
scattering s, spectra of PE, and simultaneous rapid changes
in both spectra. As a result, we obtain a high absolute error
in the course of spectrum modeling in this range. Exactly in
this area, a wrong selection of PE depth h causes artifacts,
which are manifested as additional peaks (PE peaks or their
negative images) folded into the target spectrum.

For example, Figure 2a demonstrates how the recov-
ered target spectra Sp, in the range 5900-5600cm™’'
depend on the chosen PE thickness h. The true target spec-
trum (black, I) has no peaks in this area, but the recovered
spectrum with h =0.07 (blue, 2) has a distinctive peak near
5778 cm™' which corresponds to the PE absorbance band.
As the chosen PE depth increases (h=0.078, green curve
3), the solution approaches the target, but when h increases
further (h=0.1, red curve 4), the result deviates farther
from the true spectrum. This example illustrates the idea
that lies at the heart of the proposed method, namely the
assessment of the value h of the PE depth that minimizes
variations of the sought spectrum s,,..

(a)
AU 5
0.2
4
0.1
1
0.0 - T )
5900 5800 5700 5600
wavenumbers

To be more specific, we define an index of spectrum
variations, V, by the following formula

J—1
V(h) =§Z|S(X;)—S(K/+l)| (19)
=1

The optimal depth h corresponds to the minimum of the
function V(h):

hopt = arg mhin V(h) (20)

In other words, we search for h, which minimizes peaks
and smoothens out the predicted spectrum, as index V is
directly related to the first derivative of s(A). If we ignore
the unlikely case when all peaks of the underlayer overlap
PE peaks, the spectrum with the least number of spectral
features is most likely the spectrum with the least number
of artifacts.

Certainly, it is necessary to verify whether the target
spectrum really fits well at the optimal depth h. The meas-
ure of closeness d, defined in Eq. 17, can be employed for
this assessment. In Figure 2b we demonstrate a plot in
which the quality measure d (the left axis, red curve, 1) is
shown in parallel with the variation index V (the right axis,
blue curve, 2); both values are plotted in dependence on
the selected depth h. An amazing match between the loca-
tions of the minima can be seen. This confirms our idea that
the PE thickness can be calculated by finding the minimum
of V(h).

Materials and Measurement
Materials

Cover Material. The cover material is the same PE, which
was used in Pomerantsev et aI.,7 i.e., a big sheet of low

(b) D 174
1.6 !
’ r 0.016
1.2 1
ro0.012
2
0.8
F 0.008
0.4 A
PE Depth, h
0.0 T T 0.004
0.05 0.07 0.09 0.11

Figure 2. (a) Spectra s, reconstructed for the selected PE depths h: (I, black) target, (2, blue) h=0.07, (3, green) h=0.078, (4, red)
h=0.1. (b) Recovering quality d (curve, |, the left axis, in red) and the variation index V (curve, 2, the right axis, in blue) in dependence

on the selected PE depth, h.
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density PE of about 87 4-4 um thickness of household appli-
ances grade. Small pieces of 5 x 5cm were cut out of the
entire sheet and piled together to obtain samples with dif-
ferent number of PE layers. The number of layers was in the
range of |—44 and the overall correspondence thickness
was in the range of 0.087-3.83 mm.

Target Objects. The first target object is an artificial solid
object. It is the NIST Traceable Extended Range Near-
Infrared Wavelength Standard MRC-910-1920x
(MiddletonResearch).8 This commercial standard consists
of four components, three rare earth oxides (Dy,Os;,
Er, O3, Ho,0O3) and talc. All the components are sintered
in a spectrally neutral matrix. The standard has a rich spec-
trum that covers a wide NIR range of 10000—4000cm ™.

The second object is a medicine, a derma-protection
powder consisting of zinc oxide 10wt%, starch 10wt%,
and talc 80wt%. This example is used to illustrate the
applicability of the method to target objects such as a
highly reflective powder. The sample is packed in a small
PE bag 0.046 mm thick in such a way that the powder is
about 2 cm deep in the illuminated area. Thus, we can con-
sider that the target object has an optically infinite depth.

Measurements

The measurements technique is similar to that used in the
first part of the study. Fourier transform NIR Spectrometer
Nicolet 6700 (ThermoFisher, USA) with a InGaAs detector
is used for the spectra acquisition in the range of 4000—
12400 cm™', with resolution 8 cm™'. The number of scans is
equal to 64. The 0.99 DR disk, SRS-99, is used for the
background measurements. The DR spectra are collected
with the help of a fiber optic probe fixed in a mounting.
Several layers of the PE are placed on the mounting table
with the target sample put on the top. The light source
within the fiber probe accessory illuminates the samples

8500 7500 6500 5500 4500
wavenumbers
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from below. A working range of 9000—4450 cm™' is used
for the analysis of all spectral data in this study.
The acquired reflectance spectra are converted to the
A-domain. They constitute spectral matrix X.

Pure spectra for both target objects have been acquired
but used only for the assessment of the quality of the
results. Pure spectra were not used in modeling.

Case Study |I: The NIST Traceable
Standard

Figure 3a demonstrates the acquired spectra X. The arrow
follows the increase of the PE depth. Figure 3b is presented
here as a reference and shows the target spectrum (I,
brown), the pure PE absorption component (2, red), and
the pure PE scattering component (3, blue). All data are
used in their original form; no pre-processing is applied.

All Spectra Together

We begin our analysis with a case where all spectra
acquired at an increasing PE depth are modeled together
using the entire spectral matrix X. As mentioned above,
such a case does not have much to do with real practice.
However, this case is theoretically important, as it serves to
confirm that the developed approach—the modeling of the
optical properties of multilayer cover by three predefined
pure spectra plus their corresponding weighting factors—is
valid not only for spectrally flat underlayers, but also for the
real-world targets. In other words, we test the practical
usefulness of the hypothesis, described in the Methods sec-
tion. To do so, we check whether spectra s, and s, which
have been obtained in the experiments with dedicated
underlayers (Figure 3b, curves 2, 3) and their conjugated
weighting coefficients ¢, and ¢, (Eq. 2) are able to model
the data in the presence of spectral variations of the

(b) 2 1 AU

0 E
8500 7500 6500 5500 4500
wavenumbers

Figure 3. Example I. (2) Collected data set; (b) reference spectra: target, measured; (1, brown), PE absorption term, multilayer model

(2, red); PE scattering term, multilayer model (3, blue).
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underlayer. Additionally, we replace the sought target spec-
trum s4 with the measured target spectrum. After that, we
check, whether Eq. 9 is still able to handle the contribution
from the PE layers and whether the empirical models given
in Eq. 2 are applicable. This validation is converted to the
following task

minimize| X — CS'|’

subject to 1)

st =1;8 =5, 83 =884 = Sar

In fact, the problem given in Eq. 21 does not require a
recurrent ALS optimization, because matrix S is completely
known, thus a solution can be obtained in single S-step

Chat = X(S)T (22)

The estimated weighting factors, ¢, — ¢4, can be repre-
sented in dependence of the PE depth, h.

These results are shown in Figure 4. The markers cor-
respond to the weighting factors ¢ obtained by Eq. 22. The
curves represent the theoretical profiles, F(h,r), calculated
by Eq. 2. Parameter r is the target reflectance factor eval-
uated by Eq. 18. In this calculation, we employ the first
spectrum acquired through a single PE layer of depth,
h=0.087 mm, to obtain the minimal spectral reading xo.
The calculated value is r=0.396, which expectedly matches
the baseline of the known target spectrum —In(r) =0.93
(Figure 3b, curve ).

Figure 4 shows a good agreement between values c and
corresponding curves F. To demonstrate this numerically,
we calculated both the mean, 1, and the standard deviation,
o, for each of the three error vectors, c=F. The results
are as follows: p; =0.06, 6, =0.12; p,=0.01, 5,=0.03;

AA A AAAAA1A
A,

0.8 1

0.4

Depth, h
0.0 + . .
0 1 2

Figure 4. The c-profiles (markers) and their models (curves): ¢,
transmission (1, green), ¢,, absorption (2, red), ¢, scattering (3,
blue).

n3=-0.01, 63=0.03. The Student’s t-test confirms the
conclusion of a good compliance. The transmission profile
¢, which demonstrates a large, but non-regular dispersion
around the curve, does not significantly differ from its
model values according to the t-test. Therefore, we can
conclude that the theory developed earlier’ is confirmed
and may be employed for the analysis of practical cases.

Additionally, using these results, we calculate the RMSE
defined in Eq. 15. This value, dy = 0.02, represents the over-
all accuracy obtained in the MCR modeling of the entire
data set X. We will use this value as a scaling factor in Eq.
|7 that assesses the quality of the recovery of the target. In
case we obtain d < |, this means the target spectrum is
recovered better than the experimental spectra were
explained.

Single Spectrum Through Many Layers

In this subsection, we consider a more realistic case,
namely, the recovery of the underlayer spectrum using a
single spectrum acquired through several PE layers. To test
our approach, we employ rows x; from matrix X (i=1,2,..)
one by one and perform the analysis using this single spec-
trum only. Thus, we reconstruct the target through one,
two, etc. PE layers. In each case, the target reflectance
factor, r, is assessed individually using Eq. 18. The true
target spectrum is not used in the modeling, except for
the assessment of the quality of predictions.

The target spectrum can be evaluated using the methods
explained above. The direct recovery, which requires no
ALS optimization, is presented in Egs. 10 and Il. This
approach is used as the basis for two sets of calculations.
The first one is an option, in which the PE depth, h, is
assumed to be known. For sample x; it is calculated as
h=ihg, where ho=0.087 mm is the average thickness of
a single layer. This method is further referred to as
known depth (KD). In the second option, the PE depth,
h, is considered to be unknown, and it is assessed by
means of optimizing the variation index, presented in Egs.
9 and 20. We denote this approach as OD (optimized
depth). The third method utilizes the “thin layer” (TL) con-
cept given by Eq. 14.

Figure 5 demonstrates the reconstructed spectra
obtained by all three methods for the case of eight PE
layers.

The most challenging problems are found in the range
5600-5900 cm™' that is shown in the insert of Figure 5.
These artifacts happen due to following issues. As we
have seen in Figure 4, the absorption profile ¢, is modeled
by function F,, presented in Eq. 2, with the error of about
0.1. Close to the band of 5778cm™', we observe (see
Figure 1) the highest absorbance peak that is ~1.6 AU.
Thus, in this area, the target reconstruction error may be
near 0.16 AU. The real deviations from the target, observed
in the insert of Figure 5, are about 0.1-0.2 AU, which fit
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Figure 5. Example |. The target (0, red) and its estimates through eight PE layers: KD method (I, blue), OD (2, green), and TL (3,

brown). The challenging range is shown in the insert.

Table 1. Example |. Quality characteristics of the target spec-
trum recovery.

KD oD TL

Layers

Sample no. d C d C d C
| 0.140 1.000 0.201 0999 1332 0976
2 0.357 0.998 0.357 0.998 1348 0.976
3 0512 0997 0.425 0.998 1376 0.975
4 0.673 0.994 0.673 0.994 1501 0.97
5 1.0I15 098 0.618 0.995 1478 0.97I
6 0.757 0992 0.578 0.996 1447 0.972
7 1.786 0.957 0.809 0.991 1.833 0.955
8 1.769 0958 0.792 0.992 2286 0.929
9 4.143 0.741 2.285 0.929 2911 0.882

10 1.857 0954 1.271 0.979 3852 0.78]

Values given in bold represent the best solution among all methods.

into the estimate range of possible errors. At the same
time, we see that the peak around 5690 cm™', which is
attributed to the target object, is perfectly reconstructed
in spite of it being located between two large peaks of PE.
This proves that the variation optimization approach does
not affect the original peaks of the target spectrum.

Numerical results are given in Table |, which summar-
izes the results of the three methods, KD, OD, and TL, for
the respective number of PE layers listed in column |I.
Columns d and C contain the quality measures defined in
Eq. 17.

Table | shows that the quality unsurprisingly deterior-
ates as the number of layers is growing. In general, the PE
depth optimization (OD method) provides better results in

comparison with the other methods. This is evident
because this technique seeks out the optimal value among
all possible depths, including the depth that is considered to
be known. In this example, the TL method provides the
results that are the worst for all depths. Applying the
cutoff criterion, which is d<1, we conclude that the
target coated with eight layers of PE (h < 0.7 mm) is still
accessible for reconstruction. This case is presented in
Figure 5.

Both the KD and OD algorithms determine the reflectance
factor r of a target object. The latter method also calculates
the PE depth, h. It is interesting to compare the assessments
of these parameters. Figure 6 demonstrates the reflectance
factor, r (the left axis), and the PE depths, h (the right axis),
calculated for a different number of the PE layers.

Figure 6 represents both r and h estimates shown in one
plot. The reflectance values are shown in red; they relate to
the left axis. The dots (la) stand for the KD method and
the diamonds (1b) represent the OD method. The red line
(Ic) shows the reference value r=0.396 found in the All
Spectra Together section, where all spectral data are ana-
lyzed together. Obviously, the r value found for nine layers
is an outlier. The abnormality of this observation may also
be seen in Table I. If we exclude this point, the average
reflectance factors become rkp = 0.40 4= 0.04,
rop =0.41 £0.04. This result is interesting, because in
this experiment we obtain very unstable values of the base-
line shifts, which can be clearly seen in Figure 4, where the
¢, profile has large deviations from the theoretical model.
Evaluation of the reflectance factor is primarily based upon
the baseline shift that is xq value in Eq. 18. Nevertheless, we
can conclude that the reflectance factor is rather well
assessed by both methods, and the different estimates
coincide.
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The PE depth values, h, are shown in blue; they relate to
the right axis. The known values are represented by line
(2a), described by the equation h=0.087-n, where n is the
number of layers. Blue triangles (2b) stand for the PE depth,
which is found in the variation optimization procedure
(Egs. 19 and 20). For a small number of layers (n <6), the
optimized depths are very close to their known counter-
parts. For a larger number of layers (n > 6), the estimated
PE depth can essentially differ from the expected value. This
effect cannot be fully explained by the variation in the PE
sheet thickness, which is much smaller than deviations

r o h
& 2™ 4
© o
04 % 1c (%)
8 A 08
A
0.3 1 2a
1a L 04
0.2
1b
Layers
0.1 . . . . . 0.0
0 2 4 6 8 10

Figure 6. Example |. The target reflectance factor, r (left axis, in
red) assessed by the KD method (dots, la), the OD method
(diamonds, |Ib), the reference value found in the All Spectra
Together section (line, Ic). The PE depths, h (right axis, in blue):
the known values (line, 2a), the OD method (triangles, 2b).

(a)

2.7

2.1

0.9

0.3

-0.3
8500 7500 6500 5500 4500

wavenumbers

shown in Figure 6. In our opinion, there are two factors
that may contribute to the error. The first one is the mod-
eling uncertainty in calibration profiles obtained in the first
part of this research, which generally increases with the
number of layers. The second factor is the fact that h is a
result of optimization, which heavily relies on minimization
of the spectral features of the recovered spectrum. As the
optical thickness becomes larger, the quality of the recov-
ery of peaks of the underlayer spectrum decreases, making
the optimization in Eq. 20 less stable.

Case Study 2: Powder Sample

The pure target spectrum s, is obtained directly from a
high powder pile without any gap between the sample and
the fiber probe. The acquired target spectrum manifests the
high observed reflectance factor, which is greater than the
99% spectralon reference sample at most wavelengths.
Such observations with r> | are possible because of the
finite detection angle of the probe, when the detector cap-
tures only part of the reflected light. In some materials, light
can be predominantly reflected toward the probe. In this
case the fraction of light captured by the detector can be
larger than that from an ideal diffuse reflector. The second
target object contains 80% of talc powder consisting of the
oriented tiny flat crystals, which produce predominant
reflection in specific directions. In other terms, this effect
can be explained by a non-Lambertian nature of scattering,
i.e., a specific shape of the reflection indicatrix.

Figure 7a demonstrates the spectra acquired through
the growing number of PE layers. The arrow represents
the direction of the increasing PE depth. Figure 7b shows
the reference spectra that include: the target (I, brown),
the PE absorption (2, red), the PE scattering (3, blue). All
data are used in their original form; there is no pre-proces-
sing applied.

(b)

151 AU
0.9 A
3
0.3 A 5
p

8500 7500 6500 5500 4500
wavenumbers

Figure 7. Example 2. (a) Collected data set; (b) reference spectra: target, measured (|, brown); PE absorption term, multilayer model

(2, red); PE scattering term, multilayer model (3, blue).
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All Spectra Together

It should be mentioned, that the theory presented in
Pomerantsev et al.” for modeling the DR spectra of PE
layers has been developed for the case in which the reflect-
ance factor of the underlayer r varies from zero to one. At
present, we come across a case of r > |. In this example, we
are also interested in verification of the applicability of the
developed approach for a new target that is a highly reflect-
ive powder. We use the same approach, as described in the
All Spectra Together section. The sought spectrum s4 is
temporarily replaced by the measured target spectrum,
and the weighting factors are evaluated using the formulae
presented in Eqgs. 21 and 22. Afterwards the estimated
weighting factors ¢|, ¢;, and ¢3 are compared with the

1.4 1

1.0 A

0.6 1

0.2 1

Depth, h (mm)

1 2 3 4

Figure 8. Example 2. The c-profiles (marks) and their models
(curves): reflection (I, green), absorption (2, red), scattering (3,
blue).

Applied Spectroscopy 0(0)

theoretical models, F(h,r), calculated using Eq. 2.
Parameter r, which is the target reflectance factor, is eval-
uated by Eq. I8, where xq is obtained from the first spec-
trum measured through the PE pack of depth
h=0.046 mm. The established value is r=1.13.

The results are shown in Figure 8: the dots show the
estimates and the curves represent the theoretical models,
F(h).

Here, we have also calculated the mean, L, and the
standard deviation, o, values for each of the three error
vectors, e =c—F. The results are as follows: pu, =0.0l,
c,=0.06; p,=0.003, ,=0.04; n13=-0.001, c3=0.04.
In this case, the Student’s t-test also confirms a good com-
pliance. Therefore, we can conclude that the theory devel-
oped earlier” is also applicable for objects with a high
reflectance factor. The RMSE, d,, defined in Eq. 15, is
dp =0.005. This value will be used as a scaling factor in
Eq. |7 to assess the quality of the target spectrum
reconstruction.

Single Spectrum Through Many Layers

In this subsection, we consider a reconstruction of the
target spectrum using a single spectrum obtained through
multiple PE layers. In every case, i.e., when the measure-
ment is conducted through one, two, etc. layers, the target
reflection factor, r, is assessed individually using Eq. I8.

The target spectrum is evaluated using the same three
methods employed in the first example. The KD method util-
izes the known depth of the PE layer. In the OD method, the
PE depth, h, is considered unknown, and it is assessed using
the variation optimization method presented in Egs. 19 and
20. These two techniques use direct calculations given in Egs.
10 and || for spectrum recovery. The third method utilizes
the thin layer (TL) concept that is given in Eq. 4.

1 00 5600 |
AU A :
0.3 A 0 0!
i "
0.2 - ‘ !
i |
! 3 i
0.1 1 ! :
082 !
00 4r wavenumbers
8500 7500 6500 5500 4500
3
-0.1 A ) " """""
| 1
0.2 1 |
-0.3

Figure 9. Example 2. The target (0, red) and its estimates through eight PE layers: KD method (I, blue), OD (2, green), and TL (3,

brown). The challenging range is shown in the insert.
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Table 2. Example 2. Quality characteristics of the target spec-
trum recovery.

KD oD TL

Layers

Sample no. d Cc d C d Cc
| 1.502 0982 1.167 0989 1.071 0.991
2 2,057 0966 1.140 099 1.021 0.992
3 1.845 0973 1318 0986 1.285 0.987
4 1.700 0977 1.437 0.984 1470 0.983
5 1.472 0.983 1539 0981 1.583 0.980
6 1.765 0975 1.680 0.977 1.865 0.972
7 2,037 0967 1.549 0.981 2341 0.956
8 2119 0964 1.607 0.979 3273 0911
9 2.002 0.968 2025 0967 4.149 0.853

10 2.274 0.958 2430 0952 4826 0.794

Values given in bold represent the best solution among all methods.

Figure 9 presents the results obtained from all these
methods for a case of eight PE layers. In this example, we
see that the range 5600-5900 cm™', which is shown in the
insert, is again the most challenging area. All the predicted
spectra have an artificial peak near 5778 cm™'. The peak is
negative for the TL recovered spectrum. This effect is asso-
ciated with imperfection in modeling of the sharp PE
absorption/scattering peaks. The origins of this artifact
have been explained in the Case Study I: The NIST
Traceable Standard. section.

Numerical results are given in Table 2, structured in the
same way as Table |. Here, it is apparent that the quality of
reconstruction d yields worse results than in the first exam-
ple. This happens due to a higher accuracy dp in modeling of
the entire data set. In the first case the RMSEP was 0.02,
whereas here it is four times smaller, namely, 0.005.
Therefore, all samples demonstrate d > |. Another conclu-
sion is that all the methods are rather competing. The TL
approach is expectedly better for the shallow PE depth.
The OD approach serves best at the middle range of
depths, and the KD method is better when applied to
thick PE layers.

The target reflectance factor, r, calculated by the KD and
OD methods for different number of the PE layers, is
shown in Figure 10 (left, red axis). The layout of the
figure is similar to Figure 6.

Dots la in Figure 10 stand for the KD method and the
diamonds (1b in Figure 10) represent the OD method. The
red line (I c in Figure 10) shows the reference value r=1.13
found in the All Spectra Together section. The assessed
mean reflectance  factors are rgp=1.08+0.04,
rop=1.08 £0.03. The values of the PE depth, h, which
are evaluated using the OD method, are shown in Figure
10 in blue; they relate to the right axis. In this case, the
estimated depths are very close to the known values pre-
sented by line (2a in Figure 10), which has an equation

r h
1.1 1 0.8
1.0 - 04
0.9 - . . . 0.0

0 2 4 6 8 10

Figure 10. Example 2. The target reflectance factor, r (left axis,
in red): KD method (dots, la), the OD method (diamonds, |b);
the reference value can be found in the All Spectra Together
section (line, Ic). The PE depths, h (right axis, in blue): the known
values (line, 2a), the OD method (triangles, 2b).

h=0.046 4+ 0.087-n, where n is the number of layers. In
this case the spectrum of the target object has a very
high apparent reflectance factor, but the spectrum is not
as complex as in the first example. Thus, the additional
artifacts from the PE spectrum are better detected by the
V(h) criterion, resulting in a good estimation of h.

Conclusions

In the first part of this research we proposed a three-com-
ponent model of the optical properties of a multilayer PE
cover. This model was developed using the multivariate
analysis of the reflectance spectra obtained for reference
objects that have flat spectra. In this paper, we demon-
strated that this model is applicable when the underlayer
is a real-world object with a complex NIR spectrum. The
proposed model has two nonlinear parameters. They are
the underlayer reflectance factor, r, and the depth of the PE
cover, h. We have tested that the values of r and h com-
puted by the developed empirical functions are in good
agreement with the experimental values.

The following procedure is developed for a practical
application of recovery of DR spectra of an unknown
target object. At the first step, the reflectance factor of
the target, r, is determined using the function given in Eq.
I8. At the second step, the PE depth h is calculated. This
procedure is not very straightforward and requires the
solution to a simple optimization problem given in Eq. 20.
At the third step, the MCR procedure with three fixed pure
spectra, which characterize PE, and one unknown spectra
of the target, is used. In practice, the recovery of the DR
spectra of two different target objects covered with PE
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layer of various depths is performed. The results show that
the target spectra can be reconstructed rather accurately
when the PE depth is not greater than 0.7 mm. The simpli-
fied thin layer model works reliably when the PE depth is
less than 0.4 mm. However, the methods were unable to
remove the contribution of sharp and narrow PE peaks in
the 5600-5900cm™' range completely. Some artifacts
remained in the predicted spectrum. This shortcoming is
partly caused by local imperfection of the multilayer model
and it can probably be corrected in future by introducing a
fourth component into the model. However, even the
three-component approach for modeling of the optical
properties of the cover layer provides satisfactory results
and can be used for reconstruction of DR spectra of
objects, covered by absorbing and scattering layers.
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