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Abstract

Near infrared hyperspectral imaging technique has been used for adulteration detection in food samples for several years.
However, the sensor cannot screen beyond a certain material thickness. This work studies a method to determine the
penetration depth of near infrared radiations in the context of detection. The case of wheat flour in a polylactic acid sample
holder is investigated. A sample holder is specially designed to have the wheat flour thickness vary from 0.5 to 3.5 mm.
Hyperspectral images are acquired and the partial least squares regression method is used to determine the amount of
polylactic acid in each spectrum. Partial least squares prediction results are interpreted using sensor considerations and the
Kubelka-Munk theory. Thereafter, the Kubelka-Munk model is fitted and the penetration depth is determined for each
wavelength using the reflectance profiles. Similarities between these results and partial least squares regression coeffi-
cients lead to the conclusion that partial least squares, combined with the near infrared spectra, is able to characterize the
detection depth. The value is calculated by fitting two linear models on the partial least squares prediction results. As a
result, 1.80 mm is found to be the detection depth, defined as the maximum thickness of wheat flour to ensure the detection
of polylactic acid through the background. Reflectance profiles also show that the penetration depth is highly dependent on
the wavelength. This study aimed at providing a method that could be used to evaluate the penetration depth and the
detection depth in other contexts than a polylactic acid target in wheat flour.
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Introduction Since HSI resolves the spectroscopic measurement
Near infrared (NIR) spectroscopy has been used for to an image with hundreds of small pixels, there is a
the last 20 years in many industries as a fast, cost- better chance to isolate the contaminant in a small
effective and non-destructive control method. The group of pixels and to be able to detect its spectral
food industry uses this technology to determine prod- signature. Indeed, HSI has been used for several food
ucts quality parameters at different stages of their adulteration purposes: melamine in milk powder,>*
process. Recent advances in NIR technology have peanut in wheat flour,”® sorghum oats and corn in

enabled the combination of NIR spectroscopy with
spatial imaging to create hyperspectral imaging
(HSI) spectroscopy. Since food products may be
chemically heterogenous, HSI is particularly useful
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wheat flour’ and sugar syrup in honey® are some
examples. In this context, there is considerable for
the study of powdered samples as they are often
used in food industry processes and adulteration
issues may occur in powdered raw materials. Even
though HSI is able to resolve spectroscopic measure-
ment on the surface of the sample, the volume that is
screened is restricted. In fact, the penetration of light
radiation is known to be limited because of scattering
and absorption phenomena so that only a part of the
product can be analyzed. This limitation is critical
for quality-control applications and particularly
for detection problems.” Indeed, when a sample is
screened for adulteration checking, the whole
sample should be analyzed to make sure the product
is not contaminated. In this context, it is very impor-
tant to know the actual volume of the screened
sample. This knowledge enables technicians to know
the best measurement conditions to ensure the detec-
tion. This is also an issue for powder homogeneity
assessment using NIR spectroscopy'® as the scale of
scrutiny may be limited.

Powdered samples are mainly measured in reflec-
tance mode. For diffuse reflectance, the spectroscopic
sensor measures photons that are back-scattered in
the sample or reflected at its surface. As the path
length increases in the sample, the chance to be
absorbed increases. As a consequence, there are
much fewer photons that come back from the deepest
layers of the sample than from the surface. For a
certain depth, the amount of signal received by the
sensor is similar to the noise measurement and it is
not possible to retrieve any spectral information from
this depth. Additionally, the amount of spectral infor-
mation needed for detection may vary according to
the chemical species. For example, melamine and
milk powder? have two very distinct spectral signa-
tures, but it is less true for wheat flour and peanut
particles.” As a consequence, the required signal-to-
noise ratio (SNR) for melamine detection in milk is
likely to be smaller than those for peanut detection in
wheat flour. Thus, the perceived detection depth may
be different for the two cases, whereas neither the
sensor nor the physical phenomenon has changed.

The problem of light penetration depth for detec-
tion involves three considerations: first, the physical
light penetration phenomenon in powders; second,
the sensor dynamic range; and finally, the spectral
signatures that have to be unmixed.

As hyperspectral imaging is more frequently used
for detection problems, there are two important needs
with respect to this light penetration issue. First,
the need for an empirical method to determine the
maximal depth for which infrared radiations can be
used to detect material in a detection purpose. Then,
a better understanding of the phenomenon encom-
passes the physical phenomenon of light penetration,
the sensor dynamic and the unmixing application
case.

The Kubelka—Munk theory''™"® provides some
understanding about the penetration depth of N radi-
ations. Using a model with two fluxes of photons, it
shows the diffuse reflectance for an infinitely deep
sample (R,,) depends on the ratio between the scat-
tering and absorption constants.” Although this
theory assumes the sample is isotropic, the derived
formula for diffuse reflectance is a central point for
the study of penetration depth in powdered samples.
According to this theory, the diffuse reflectance signal
comes from different layers of the sample. When the
thickness of the sample increases, the measured reflec-
tance R increases to a given limit R,. Deeper layers
of the sample do not contribute to the reflectance.
This concept is relevant for the determination of pen-
etration depth. In past decades, many authors have
studied the penetration depth subject according to
different points of view.

Olinger et al.® proposed an approach to determine
the number of interrogated particles by comparing
the base-line-corrected value of the pseudo-
absorbance log;,(1/R) to the absorbance per particle.
The authors deduced that for an absorbing matrix
like carbazole, the penetration depth is less than
1 mm. Berntsson et al.'* have provided further under-
standing about the effect of sample thickness on dif-
fuse reflectance measurements. According to them,
penetration depth in a sample is related to the
depths from which the diffuse reflectance signal orig-
inates. Following this concept, they introduced the
effective sample size that defines the sample mass
which is sufficient to reach 98% of the diffuse reflec-
tance of a corresponding optically thick sample (R,).
These results show that, for a powdered sample, the
diffuse reflectance signal comes from different depths
down to a certain level. This level is defined as the
penetration depth or the effective sample size.
Berntsson et al. proposed two methods for determin-
ing this depth and provided results for radiations
between 400 and 2500 nm. For microcrystalline cellu-
lose powder, the penetration depth shows a global
decreasing behavior between 1000 and 2500 nm with
penetration depth varying between 2.0 and 0.33 mm.

Stolik et al."> measured human tissues in transmit-
tance mode in order to determine their penetration
depth. The authors used the one-dimensional diffu-
sion model where the penetration depth plays the role
of the distance constant in the exponential decreasing
law of intensity. By measuring the transmitted flux
through the tissue for different thicknesses, the
authors determine the penetration depth at different
wavelengths. According to this definition, the pene-
tration depth is the thickness of material that attenu-
ates 63% of the incoming flux. Reported results show
penetration depth values vary between 0.1 and
3.0 mm for different kinds of human tissues at differ-
ent visible light wavelengths.

Lammertym et al.'® used reflectance diffuse meas-
urements on apple slices in order to determine the
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penetration depth of NIR radiations. By successively
slimming the apple slice, the authors obtained the
reflectance measurement for different thicknesses
and fitted a decreasing exponential curve for each
wavelength of the range. Results were similar to
Berntsson et al. and the authors found a penetration
depth between 2 and 4 mm in apples.

More recently, Padalkar and Pleshko'’ have
worked on the light penetration depth into cartilage
to ensure the signal is not corrupted by underlying
subchondral bone. An empirical method was
employed using a disk of polystyrene placed behind
cartilages of different thicknesses. As this thickness
increased, authors showed the signal of polystyrene
decreased until it became invisible at visual inspection
of spectra. From their protocol, the penetration depth
is defined as the sample thickness for which the signal
of the polystyrene target does not contribute to the
diffuse reflectance measurement.

Huang et al.'® used a similar protocol by placing
melamine under different thicknesses of milk powder.
The authors showed that a partial least squares-
discriminant analysis (PLS-DA) failed to detect mel-
amine contribution for a thickness of milk powder
larger than 2 mm.

The literature shows that light penetration depth in
spectroscopy can be studied through different under-
lying definition of the phenomenon. Some authors
rely on theoretical models such as Kubelka—Munk
or the diffusion model, whereas others use an empir-
ical method that is specific to the application such as
melamine and milk powder'® or light penetration into
cartilage.!” As the literature shows, and to our best
knowledge, no study offers a multivariate chemomet-
ric approach, sensor considerations and theoretical
interpretation of the phenomenon.

This work studied the penetration depth of NIR
radiation into wheat flour using a sample holder of
polylactic acid (PLA). Hyperspectral imaging was
used to acquire a great number of spectra with spatial
information. Partial least squares (PLS) regression
was used in order to quantify the amount of spectral
signature coming from PLA along the sample holder.
Finally, an interpretation of the phenomenon is pro-
posed using the Kubelka—Munk theory and sensor
considerations.

Material and methods

Samples

A sample holder has been designed and manufactured
for this experiment using a three-dimensional printer
(Figure 1). The central cavity was designed on a gra-
dient to contain powdered samples of varying thick-
ness. The powder is skimmed on the top of the sample
holder so that the thickness is graduated from 3.5 to
0.5mm. The sample holder is made of PLA plastic,
which has absorbance peaks in the NIR spectral

0.05cm

0.35cm
\j cm

Figure 1. Scheme of the sample holder. The central pit enables is
designed as a slope from a 0.05cm depth down to 0.35cm. The
whole structure is made of red polylactic acid.

range (1168 nm). White wheat flour (Francine, batch
number 138, France) was used for the investigation of
light penetration depth. Two replicates from the same
pack were used for the measurement. Since packing
density may have an effect on light behavior in the
sample, the powder was not forced into the sample
holder. Instead, wheat flour was sprinkled over the
sample holder and skimmed in order to ensure the
repeatability of the sample packing.

Hyperspectral imaging system

A line-scan pushbroom HySpex SWIR-320m-¢
camera (Norsk Elektro, Skedsmokorse, Norway)
was used to acquire hyperspectral images. The spec-
tral range was 1000-2500 nm and 256 spectral bands
were acquired, leading to a spectral resolution of
6nm. The camera acquired 320 pixels line with a
pixel size of 300 pm x 300 um. Two halogen lamps
were used to illuminate the sample. A standard
white diffuse reflectance standard (Spectralon®,
SRS-99-010, Labsphere) was used to acquire the
white reference image. The black reference image
was acquired by closing the shutter of the camera.

Data processing

Images were cropped to focus on the central cavity of
the sample holder leading to 100 x 246-pixels images.
The white reference image was averaged to obtain one
spectrum for every pixel of sensor’s line (Iy). The
black measurement (Ig) and the white reference
were used to calculate the reflectance signal from
the raw measurement (I) using (equation 1)

11y

R
Iy —Ip

()

As they exhibit a low SNR, the first wavelengths
(smaller than 1100 nm) of the spectra were removed.
A Savitzky—Golay filter was applied (second-order
polynomial, 7-point window and no derivative) to
smooth the spectra. Finally, a log transformation
(—log;y) was applied to obtain absorbance spectra
only for PLS application.
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Thickness target values

The sample holder designed for the study is made
such that the thickness of wheat flour varies. In the
following, wheat flour thickness is referred as the y
target value. This thickness depends on the sample
holder geometry. As a consequence, the y target
vector is constructed using the geometry of the central
pit of the sample holder. Since it is designed as a slope
between 0.05 and 0.35cm, a linear interpolation
vector was created and assigned to each of the
100-pixel lines across the sample holder. This proce-
dure leads to a two-dimensional mask that can be
applied on the hyperspectral image (Figure 2). For
spectral analysis, hyperspectral cubes are unfolded

y scale (cm)
0.35
100
pixels
0.05

>

246
pixels

Figure 2. Two-dimensional mask obtained for y target value
using the sample holder geometry.

to obtain matrices of 24,600 lines and 256 columns.
The two-dimensional mask for y values is unfolded in
the same way so that each spectrum of the matrix is
associated with the appropriate y target.

Reflectance profile extraction

The reflectance profiles across the sample holder were
extracted for each wavelength following the proce-
dure described in Figure 3. All the pixels on the
same vertical line were averaged in order to obtain
one spectrum for each y thickness value (steps 1
to 2). As a result, a two-dimensional matrix was
obtained as well as the corresponding vector of y
target values. After selecting a wavelength band, all
the corresponding reflectance values were extracted
and plotted against the y thickness values giving the
reflectance profile (steps 3 to 4).

Partial least squares regression

Partial least squares regression is an algorithm used
for predicting a target value y using predictors X with
a linear relationship: y = Xf. PLS is a good alterna-
tive to classical multiple linear regression (MLR) or
principal component regression (PCR) when predic-
tors are NIR spectral data. For this kind of data,
there are a great number of variables (several hun-
dreds) that are mostly correlated to each other. As a
consequence, the construction of orthogonal latent
variables is required for applying multiple linear
regression. Principal component analysis (PCA) is
one method used for constructing such variables
that are orthogonal and ranked according to the
amount of variance they represent in X. PCR is

y scale (cm)
0.35

0.05

] (spatial dimension)
100 pixels

i (spatial dimension)
246 pixels

A (spectral dimension)
y target

Reflectance
profile

i (spatial dimension)
246 pixels

Averaging

i (spatial dimension)
246 pixels

Reflectance profile at 4;
+++
o1 +

+
+

+
+

Reflectance

y target

Figure 3. Procedure for obtaining reflectance profile from the original hyperspectral cube.
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achieved by performing MLR on these new variables.
However, PCR does not take into account the rela-
tionship with target values y in the construction of the
orthogonal latent variables. PLS solves this problem
by constructing latent variables based on the covari-
ance between X and y.'”*° PLS has been widely used
in chemometrics as it is particularly suitable for NIR
spectral data.?! In this study, PLS is used in order to
quantify the amount of PLA signal in the diffuse
reflectance measurements. It is assumed that the
signal of PLA is linked to the wheat flour thickness
in the sample holder. As a consequence, the y thick-
ness vector is used as target for the PLS calibration.
The training was performed using cross-validation on
the first sample replicate. About 70% of the spectra
from the cube were used for calibration and 30% for
validation. This procedure was repeated 10 times to
select the number of latent variables associated to the
averaged minimum root mean square error of cross-
validation.

Results and discussion

Reflectance evolution for each wavelength

Figure 4 shows the reflectance spectral signatures of
PLA and wheat flour. The spectrum of PLA exhibits
high and resolute absorption peaks all along the near
infrared range. The absorption peak at 1168 nm rep-
resents a high difference in reflectance between PLA
and wheat flour. Figure 5 shows the reflectance profile
at 1168 nm corresponding to this absorption peak.
The experimental points exhibit a curve showing

two behaviors. The first part of the curve
corresponds to low thickness values and show an
increasing reflectance profile. The second part shows
a stabilization of the reflectance level for high thick-
ness values.

When the wheat flour thickness is low, the PLA
plays an important role in the resulting diffuse reflec-
tance signal. As it absorbs radiation around 1168 nm,
the reflectance profile at this wavelength starts with
low reflectance values. When the thickness increases,
the role of wheat flour becomes more important than
PLA in the resulting reflectance spectrum. Since
wheat flour absorbs much less than PLA at
1168 nm, the reflectance level increases. This behavior
can be interpreted using the theory of Kubelka—Munk
presented in the next section.

Physical interpretation

The Kubelka-Munk model. The Kubelka—Munk model
developed on a monochromatic case will be applied to
the following one. It is assumed the results are appli-
cable to every wavelength of the detector range
between 1100 and 1350 nm. Let us consider a layer
of wheat flour of thickness y as shown in Figure 6.
This case corresponds to a slice of the sample holder
for a fixed thickness value. The surface of the sample
holder is assumed to be wide enough so that the influ-
ence of borders can be neglected for the application of
the Kubelka—Munk theory. The wheat flour is lying
on a layer of PLA with a reflectance R,. An infinites-
imal layer of thickness dz is considered in the wheat
flour at the height z. This layer is crossed by two

0.8F

0.6

0.4~

Reflectance (R)

0.2F

1200 1400 1600
Wavelengths (nm)

Pure reflectance spectra

Absorbance peak
at 1168 nm

1800 2000 2200 2400

— PLA

= Wheat flour

Figure &. The pure reflectance spectra of wheat flour and polylactic acid.
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Reflectance profile (A = 1168 nm)
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Figure 5. The reflectance profile of near-infrared radiation at 1168 nm crossing increasing depths of wheat flour in the polylactic acid

sample holder.

Wheat flour

Figure 6. The Kubelka-Munk formalism applied on a slice of the sam

fluxes: the descending flux i(z) and the ascending
flux j(z). The wheat flour is assumed to be isotropic
so that global absorption and scattering coefficients
can be defined by K and S, respectively. Taking
into account the changes for both fluxes when cross-
ing the layer of wheat flour leads to the following
equations

(@)

—di(z) = —Ki(z)dz — Si(z)dz + Sj(z)

dj(z) = —Ki(z)dz — Si(z)dz + Si(z) 3)

These two equations result in a differential equa-
tion system

4@ _ (g 1 8)i(z) - si(2)
d'(zz) “4)
JdT = —(K + S)i(z) + Si(z)

ple holder. The borders of the sample holder are neglected.

Kubelka and Munk proposed a solution to this
system,?” which only involves the coefficients K and
S as well as the reflectance of the sample holder R,

1 —Rg(a — b coth(bSy))

R h
a— Ry + b coth(bSy) ’ Where 5)
a:K+sandb:Va2—l

This solution (equation 5) is suitable to describe
the situation in the sample holder. However, only
the wavelength range 1100-1350nm is considered
because it exhibits significant signal from PLA at
lowest thickness values. In that context, Ry, K and
S remain constant at each wavelength, whereas y
increases according to one dimension. As a conse-
quence, each reflectance profile can be modeled by
this relationship by considering y as a variable.

The derivation of the Kubelka—Munk model
shows the reflectance measurement (R) approaches
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a limit R when the thickness value approaches infin-
ity. In this situation, the sample is so thick that the
presence of the reflective background has no effect on
the measurement. This theoretical value can be
obtained using the boundary condition i(0) =0
(with j(0) # 0). The final expression of R, only
depends on K and S$**

K
Ro=1+4—o—|—+2—
+3 o 25 (6)

Theoretically, the value of R, is never reached. In
other words, the sample holder has an influence
on the reflectance measurement for every value of
thickness y.

Sensor considerations. In practice, the reflectance mea-
surement is always corrupted by noise. This measure-
ment noise is mainly caused by electronic components
of the hyperspectral camera (thermal noise, shot
noise)> and lead to variations in the reflectance mea-
surement for the same configuration. As a conse-
quence, the reflectance level is measured with a
certain level of uncertainty. This explains why the
measurement points on the reflectance profile
(Figure 5) describe a curve with a certain width.

This kind of noise can be counteracted by increas-
ing the exposure time of the measurement as long as
the sensor is working in its linear phase. With this
method, the SNR is improved so that the uncertainty
of reflectance measurement is decreased. However,
most of the time, increasing the exposure time is not
possible because of pixel saturation. The sensor of a
hyperspectral camera has a linear response on a finite
range of photon flux. If the photon flux is more pow-
erful, the pixel sensor is saturated, and the informa-
tion is lost. If the photon flux is not powerful enough,
the signal is drawn into measurement noise. The ratio
between this largest and smallest flux corresponds to
the dynamic range of the sensor. In practice, the expo-
sure time of a camera is tuned so that the exposure
time is high enough to have a high SNR. The limit is
set to avoid pixel saturation. The saturation is mainly
due to specular reflectance on the surface of the
sample. Indeed, this source of the signal is, by
nature, more powerful than the signal of interest
that is partially absorbed.

Even if the value of R, cannot be reached theoret-
ically, it can be measured in practice because of mea-
surement noise. As a result, for a given thickness value
y, the reflectance value R is so close to the theoretical
limit R, that it can be reached because of uncertainty.
For this thickness value, the corresponding reflectance
measurements do not carry any distinguishable infor-
mation about the reflectance signal of the sample
holder. In this context, the penetration depth of the
signal is reached. Since this notion is depending on
sensor considerations as well as the nature of the

sample holder, the notion of detection depth should
be more suitable. However, in the following, the pen-
etration depth notion is used to describe results
obtained using the Kubelka—Munk theory.

Determination of the penetration depth

The reflectance profiles obtained for each wavelength
(Figure 5) correspond to the context of the Kubelka—
Munk theory. The experimental points are used to fit
the model defined by equation (5) as a function of
the sample thickness y. The three parameters K, S
and R, are estimated using non-linear least squares
fitting. The penetration depth is estimated by apply-
ing the following procedure for each wavelength
(Figure 7):

1. The root-mean-square error (RMSE) of the model-
ing is calculated between the experimental points
and the fitted function (equation 5). This value is
chosen to represent the spread of the experimental
points around the fitted curve R(y).

2. The value of R is calculated using equation (6).

3. The threshold reflectance value Rt is calculated as
the difference between the reflectance limit R, and
the RMSE: Rt = R, — RMSE .

4. The penetration depth y, is determined such that
R(yp) = Rr.

The penetration depth profile obtained is presented
on the Figure 8. The profile is estimated on the range
1100-1350 nm because the Kubelka—Munk model fit-
ting cannot be applied on higher wavelengths. In
these conditions, the reflectance profile is flat because
the PLA spectral signature is not visible for any wheat
flour thicknesses. Otherwise, the resulting curve
shows the penetration depth is highly dependent on
the wavelength of NIR radiations. It is higher for
smaller wavelengths (from 1100 to 1150 nm). The pro-
file can be explained by the absorption coefficients of
the pure materials (Figure 4). Indeed, it is similar to
the reflectance spectral signature of wheat flour.
Consequently, the penetration depth is smaller
for wavelengths at which wheat flour absorbs
(1210 nm). The lower values for penetration depth
between 1100 and 1170nm can be explained by the
strong absorption of PLA between 1123 and 1211 nm.

PLS regression results

In this study, the use of PLS regression can be com-
pared to unmixing problems. In this situation, the aim
consists in finding the n pure spectral endmembers (s;)
associated with their proportions (¢;) in a linear
mixing model (equation 7) that decomposes the
signal of the measured spectrum (x):

n
X = leici—i—R (7)
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Figure 7. Procedure for the calculation of the penetration depth at the wavelength band 1168 nm.
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Figure 8. Penetration depth profile obtained from the reflectance profile measurements.

In the situation of the sample holder filled with
wheat flour, the spectrum of each pixel can be mod-
eled by a mixture between the spectral contributions
of wheat flour and PLA with an additional residual
vector (R). However, solving the linear mixing model
for each pixel requires some knowledge about the
endmembers (s;). In our study, the pure spectra of
wheat flour and PLA may not be relevant. Indeed,

linear combination of spectral signatures is an appro-
priate model when the spectral mixture occurs in the
sensor. In our case, the mixture relies on nonlinear
mixture effects.”*?® As a consequence, making
assumptions on the form of spectral endmembers in
the case of linear mixture model may be not appro-
priate. As we can consider this problem is a two spec-
tral signature mixing, quantifying the proportion of
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one element is sufficient. Consequently, PLS can be
seen as a method to solve the mixture model within
the sample holder. Thus, the resulting prediction y
represents the contribution of PLA in the spectra as
well as the wheat flour thickness. Instead of using
assumption on the spectral endmembers, PLS must
be trained with a training set of predictors X and
target values y.

PLS model was trained on the spectra issued from
the training images. Five latent variables were chosen
as more variables did not improve the cross-
validation error. The obtained model was then
applied on the image of a different wheat flour
sample. Each pixel gave a prediction leading to
24,600 prediction points. All predictions coming
from pixels of the same line (same wheat flour thick-
ness y) were averaged to improve visualization. As a
result, 246 prediction points were obtained and plot-
ted on a graph (Figure 9) against the real wheat flour
thickness values. These results show two types of
behaviors. The first part of the prediction curve
shows a monotonic increasing behavior for low thick-
ness values (between 0.5 and 1.5mm). Thus, PLSR
exhibits a correlation between the measured spectra
and the corresponding wheat flour thickness. The
measured reflectance data follow a mixing model
between wheat flour and PLA spectra. The results
show that PLS is able to fit this mixing model for
low thickness values. For thickness values higher
than a given value, PLS prediction results do almost
not evolve. The PLS model does not exhibit any cor-
relation between the measured spectra and the wheat
flour thickness. The mixing model between wheat

flour and PLA spectra is not fitted by the PLS
model. As a consequence, there is a change in the
mixing behavior between PLA and wheat flour. As
the predictions remains constant, the PLS model
interprets high-thickness wheat flour spectral data as
pure wheat flour spectra. In this situation, the signal
coming from the PLA is so weak that its influence
becomes comparable to the measurement noise.

Figure 10 shows the PLS regression coefficients for
each wavelength. The high weights attributed to the
low wavelengths show the importance of these varia-
bles for quantifying the PLA spectral signature across
the sample holder. The right part of Figure 10 focuses
on the range 1100-1350 nm to highlight the similari-
ties between the regression coefficients and the pene-
tration depth results obtained (Figure 8).

As these similarities show, the PLS unmixing
method and the reflectance profile fitting method
are relevant to each other. The PLS method provides
a multivariate analysis of the problem so that all
wavelengths contributions are taken into account in
the prediction result profile (Figure 9). Thus, by
extrapolation, the Kubelka—Munk theory and the
sensor considerations explain the behavior observed
on the PLS prediction results (Figure 9).

Indeed, for a given wheat flour thickness y, the
signal of the PLA cannot be extracted from the dif-
fuse reflectance spectrum. This may be an issue for
detection problems when the target is buried under a
layer of sample. For this reason, it is important to
define the higher thickness y, for which a detection
is possible. This limit can be defined by using the PLS
prediction results. In the context of the sample holder,
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Figure 9. Partial least squares prediction results for wheat flour thickness across the sample holder.
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Figure 11. Determination method for the detection depth from the partial least squares prediction results.

when the perceived concentration of PLA in the spec-
tral measurement remains constant, the limit of detec-
tion is reached. For determining this limit, the
PLS prediction results were used to fit two linear
regression models. The intersection of the two
regression lines is considered to be the maximum
acceptable thickness for which the PLA concentration
evolution can be interpreted by a multivariate
unmixing method. The detection depth obtained
by this method is y;=180mm (Figure 11).

As a consequence, the maximum wheat flour thick-
ness to use in order to detect the background in PLA
is 1.80 mm. This result is specific to the case of PLA
under a thickness of wheat flour. However, the
method of determination may be used for any kind
of sample and background or target.

Additional experiments (results not shown) were
performed using different particle sizes for wheat
flour, other samples such as chocolate powder or
almond powder, and different designs for the
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sample holder. The hyperspectral imaging measure-
ment followed by PLS analysis showed to be consis-
tent for each application. Globally, the same behavior
for the penetration depth was observed with some
variations according to the samples. The particle
size and the density of the powder seem to be impor-
tant parameters that influence penetration depth. For
future work, the influence of these parameters may be
investigated.

Conclusions

This work has proposed a method using hyperspectral
imaging, a PLA sample holder and the PLS regression
method to study the light penetration depth in a
wheat flour sample. Reflectance profiles were
extracted and interpreted using the Kubelka—Munk
theory. Using this model derivation as well as
sensor considerations, a criterion for light penetration
depth was given and calculated for the range
1100-1350 nm. Results have shown that it is highly
dependent on the wavelength value. The PLS
method has been shown to be an efficient solution
for fitting spectral data on the linear mixing model
until a given thickness. The use of this multivariate
technique has provided a criterion for defining the
detection depth, the maximum thickness of wheat
flour for which PLA can be quantified from the
signal. Two linear models were fitted on the PLS pre-
diction results in order to calculate a detection depth
of 1.80 mm. This value provides an estimation of the
maximum depth for which a spectral target can be
detected into wheat flour. It also corresponds to the
minimum thickness of wheat flour to ensure the signal
of the background does not have influence in the dif-
fuse reflectance measurement. Unlike the concept of
penetration depth, the detection depth is related to
the application and gives a more suitable value for
in-depth detection purposes. The procedure used in
this work could be reproduced using another material
as a target. By applying a thin layer of target particles
at the bottom of the sample holder, the same PLS
regression procedure could be applied to obtain the
detection depth results for a given application.
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