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Abstract: Human body tissue disease diagnosis will become more accurate if transmittance images,
such as X-ray images, are separated according to each constituent tissue. This research proposes a
new image decomposition technique based on the matrix inverse method for biological tissue images.
The fundamental idea of this research is based on the fact that when k different monochromatic
lights penetrate a biological tissue, they will experience different attenuation coefficients. Further-
more, the same happens when monochromatic light penetrates k different biological tissues, as
they will also experience different attenuation coefficients. The various attenuation coefficients are
arranged into a unique k × k-dimensional square matrix. k-many images taken by k-many different
monochromatic lights are then merged into an image vector entity; further, a matrix inverse operation
is performed on the merged image, producing N-many tissue thickness images of the constituent
tissues. This research demonstrates that the proposed method effectively decomposes images of bio-
logical objects into separate images, each showing the thickness distributions of different constituent
tissues. In the future, this proposed new technique is expected to contribute to supporting medical
imaging analysis.

Keywords: biological tissue; transmittance image; image decomposition technique; monochromatic
light; attenuation coefficient; matrix inverse; near-infrared

1. Introduction

Various cutting-edge tomography technologies are currently used in the medical field,
including X-ray, computed tomography (CT) scan, single-photon emission computed to-
mography (SPECT), positron emission tomography (PET), and magnetic resonance imaging
(MRI) [1–6]. These existing tomography technologies use high-energy media based on
radioactive materials, magnetic fields, or high-frequency electromagnetic sources. Such
high-energy media have a sizeable penetrating power and are able to render high-quality
transmittance images. Transmittance images of human tissues provide more comprehensive
information regarding the overall object’s volume than reflection images. The technique
used to obtain a transmittance or a penetration image is called tomography [7].

The current sophisticated high-resolution medical imaging instruments are expensive
and based on high-energy media, all with health risks. Developing a new tomography
technique that uses a lower-energy medium and is less expensive is necessary. Several
tomography methods have been proposed to meet these needs; some operate in the infrared
region [8–10]. For consistency of the discussion and ease of understanding, the term
tomography is replaced with transmittance image hereafter. Previous studies on infrared
transmittance images have published various images of organ tissues in the body. A
transmittance imaging apparatus generated a chicken bone image using a wavelength
of 785 nm [11,12]. Images of hand veins, skin, and bones have been generated by taking
transmittance images of the back of the hand using near-infrared (NIR) light at 850 nm [13].
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This research proposes the use of a near-infrared (NIR) medium for its convenience,
i.e., it is available for multiple wavelengths, nonradiative, and nonionizing. NIR also has the
advantage of experiencing relatively low attenuation when penetrating biological tissues
and a high attenuation ratio between different tissues. It provides 2D transmittance images
with good contrast, wherein different tissues can be easily distinguished. Furthermore,
to obtain clarity on a medical object, one study proposed a multimodality image fusion
method using diversified modalities, such as CT, MRI, SPECT, PET, etc., combined and used
for sharper image analysis, thereby increasing accuracy in clinical diagnosis [14]. However,
to this day, the resulting 2D transmittance images have only been single transmittance
images, displaying a superimposition of all constituent tissues of the captured object. So
far, no attempt has been made by researchers to perform the separation of a captured image
of a biological object into an image of each constituent tissue. The primary motivation for
this research is to decompose a transmittance image to separate each constituent tissue.
It is expected that in the future, decomposing bio-imaging into each constituent tissue
image will aid doctors in diagnosing diseases that only affect one specific tissue. It is
like diagnosis using MRI and CT scan results but using a low-energy medium, which is
much safer.

This new technique for bio-transmittance-image decomposition is based on the fact
that an NIR wavelength experiences different attenuation coefficients when penetrating
other bio-tissues, and the illumination of different NIR wavelengths on the same bio-tissue
results in different attenuation coefficients. This attenuation coefficient ratio is referred to
as the contrast ratio [15]. The relationship functions of attenuation coefficients versus NIR
wavelength and attenuation coefficients versus materials are then formed as an attenuation
coefficient square matrix. The matrix inverse plays a vital role in the image decomposition
process in this discussion.

Several researchers have previously developed methods for measuring the optical
properties of biological tissues. The study cited in [16] reviews comprehensive optical
properties such as absorption, scattering, total attenuation, effective attenuation, and
anisotropy coefficients. Light propagation models are examined from the perspective of the
Beer–Lambert law, diffusion theory, transport properties, and Kubelka–Munk coefficients.
The method developed to measure the light attenuation properties of biological tissue is
very important and should also be carried out in the long-infrared wavelength area. Brain
tissue is one of the tissues that is an object of research and measurement of the attenuation
coefficient in the spectrum range of 600–2400 nm [17]. However, the results of measuring
optical coefficients on biological tissue often vary and are very dependent on the specimen’s
humidity conditions. Furthermore, Ref. [18] proposed a method based on neural networks
to help obtain more accurate optical coefficients of the tissues.

In illustrating how the transmittance image decomposition technique works, a bio-
logical object composed of k different tissues will be photographed as many as k times
with k different NIR monochromatic wavelength illuminations in the same transmittance
image frame. In this research, k is three, where the three tissues are chicken meat, skin, and
bone merged into one single bio-object. When the three transmittance images are merged
into one frame, each pixel point of the frame will consist of three different intensity values
arranged as an image intensity vector. Each value of the image intensity vector is the result
of a linear equation formed by the sum of the thickness of each tissue multiplied by the
attenuation coefficient of its corresponding wavelength. If normalized to the light source,
the image intensity vector becomes the attenuation vector. Hence, an image thickness
vector in which the components represent the thickness of the tissue at a certain point
can be obtained by operating the inverse attenuation matrix on the image attenuation
vector. An image of tissue thickness can be formed in 2D from the thickness vector compo-
nents associated with the tissue. The main innovation of this research is that we separate
each image of tissue thickness by decomposing the original image taken by the camera.
This innovation can be further developed for 3D image analysis of the biological objects
under observation.
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The experiments demonstrated successful results of image separation in the form of
the thickness images of each constituent tissue. Although the results are still in progress,
the developed technique works successfully. There is still much room for improvement in
the future, especially in terms of increasing the accuracy and the contrast ratio between
tissue images, for instance, by using machine learning methods [18]. Innovation in the
development of this new technique of image decomposition is expected to aid doctors in
diagnosing various problems in human body tissues.

2. Theoretical Development and Methods
2.1. Theoretical Development

Before explaining the image decomposition process with a matrix inverse, it is neces-
sary to explain the attenuation process of electromagnetic wave penetration in a medium.
Electromagnetic waves experience attenuation while penetrating a medium. Attenuation
is the result of absorption and scattering in the medium. The amount of attenuation is
determined by the medium’s material type, penetrating wavelength, and thickness d. In
general, the attenuation relationship can be expressed by the Beer–Lambert law [19,20]:

I = I0e−λd (1)

where I0 is the intensity of the light as it enters the medium; I is the intensity of light after
passing through a medium with thickness d; and µλ is the medium attenuation coefficient,
which is a function of the optical wavelength.

The transmittance attenuation factor Tλ is the ratio of output to input intensity at
wavelength λ [19,20]:

Tλ =
I
I0

= e−µλd (2)

Furthermore, the medium attenuation coefficient µλ can generally be stated based
on Equation (2), where I and Io are obtained from the measurement results and d is the
thickness of the specimen medium.

µλ =
−ln I

I0

d
(3)

Then, Equation (3) can be rewritten as

µλ =
lnTλ

−1

d
(4)

In this research, the biological tissues are represented by chicken tissues. To begin
the theoretical analysis, the chicken tissue specimen was arranged in stacks throughout
the area. In general, the total thickness of the chicken specimen, which was the object of
the study, was denoted as d. Assuming that the object undergoing testing contained three
tissues, each tissue was distinguished by an index, where m represents meat, b represents
bone, and s represents skin. Furthermore, the thickness of the chicken meat is symbolized
as dm, that of the chicken bone as db, and that of the chicken skin as ds. The total thickness
of the object could, thus, be expressed as follows:

d = dm + db + ds (5)

The transmittance attenuation factor Tλ of the specimen could generally be expressed
as follows [21]:

Tλ = e−µmλdm ·e−µbλdb ·e−µsλds (6)

where

µmλ: chicken meat attenuation coefficient at wavelength λ;
µbλ: chicken bone attenuation coefficient at wavelength λ;
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µsλ: chicken skin attenuation coefficient at wavelength λ;
Tλ factor is obtained based on the I

I0
measurement, as shown in Equation (2).

The Tλ factor needed to be transformed into a linear equation. This was performed by
a natural logarithmic transformation (ln) over Equation (6). Furthermore, by assuming that
the thickness of each tissue varied across the specimen area, the linear natural logarithmic
equation of transmittance attenuation factor Tλ at every coordinate (x, y) on the 2D image
could be expressed as follows:

lnTλ(x, y) = −[µmλdm(x, y) + µbλdb(x, y) + µsλds(x, y)] (7)

Equation (7) represents a linear equation at each image coordinate point or pixel
(x, y) taken at a certain monochromatic wavelength λ. In this experiment, the specimen
object being analyzed had three different tissues. To derive the thickness of each tissue
down to the pixel point, according to the rules of linear equation analysis, we required
three similar transmittance image frames of the specimen object taken by three different
λ monochromatic light sources. In this manner, the pixel coordinates (x, y) of each image
frame were represented by three linear equations taken on three different wavelengths [22],
as shown in the following three linear equations:

lnTλ1(x, y) = −[µmλ1dm(x, y) + µbλ1db(x, y) + µsλ1ds(x, y)] (8)

lnTλ2(x, y) = −[µmλ2dm(x, y) + µbλ2db(x, y) + µsλ2ds(x, y)] (9)

lnTλ3(x, y) = −[µmλ3dm(x, y) + µbλ3db(x, y) + µsλ3ds(x, y)] (10)

where λ1, λ2, and λ3 represent three different monochromatic wavelengths in the NIR
spectrum. Equations (8)–(10) above can be arranged and rewritten as a linear matrix
multiplication at pixel (x, y), as follows:

µmλ1 µbλ1 µsλ1
µmλ2 µbλ2 µsλ2
µmλ3 µbλ3 µsλ3

dm(x, y)
db(x, y)
ds(x, y)

 =


lnT−1

λ1 (x, y)

lnT−1
λ2 (x, y)

lnT−1
λ3 (x, y)

 (11a)

Furthermore, Equation (11a) can be simplified into the following form:

[µkλ][dk(x, y)] =
[
lnT−1

λ (x, y)
]

(11b)

where [µkλ] refers to the tissue attenuation coefficient matrix for three types of chicken
tissues at three different wavelengths, which can be obtained by measuring during the
characterization steps. Furthermore, [dk(x, y)] refers to the tissue thickness vectors of the
chicken tissue specimen at the pixel coordinates (x, y) of the images, whereas

[
lnT−1

λ (x, y)
]

refers to the vector of the natural logarithm of inverse transmittance attenuation of the
three images at the pixel coordinates (x, y).

The following Figure 1 illustrates the method of constructing the
[
lnT−1

λ (x, y)
]

vector
in Equation (11).
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[
lnT−1

λ (x, y)
]

vector from three biological images taken
with three different monochromatic light sources with equal frames.
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Furthermore, to obtain each tissue thickness value of the chicken specimen at coor-
dinate pixels (x, y) of the object image, or simply the tissue thickness vector [dk(x, y)],
Equation (11) must be inverted and arranged as follows:

[dk(x, y)] = [µkλ]
−1

[
lnT−1

λ (x, y)
]

(12a)

or it can be rewritten in the following complete form:

[dk(x, y)] =

dm(x, y)
db(x, y)
ds(x, y)

 =

µmλ1 µbλ1 µsλ1
µmλ2 µbλ2 µsλ2
µmλ3 µbλ3 µsλ3

−1


lnT−1
λ1 (x, y)

lnT−1
λ2 (x, y)

lnT−1
λ3 (x, y)

 (12b)

Figure 2, below, illustrates the transformation from
[
lnT−1

λ (x, y)
]
, the natural

logarithm of the inverse transmittance attenuation vector, to [dk(x, y)], the tissue
thickness vectors.
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Figure 2. Transformation illustration from
[
lnT−1

λ (x, y)
]

to [dk(x, y)] by using [µkλ]
−1.

2.2. Attenuation Coefficient Characterizations

As written in Equation (12a,b), the tissue thicknesses at the point (x, y) are represented
by the vector [dk(x, y)], where the index k represents the number of tissues in the specimen,
which, in this research experiment, was k = 3. To obtain [dk(x, y)], it is required that the tis-
sue attenuation coefficient matrix inverse [µkλ]

−1 be used to transform it from
[
lnT−1

λ (x, y)
]
.

In constructing the [µkλ] matrix, first of all, we require the attenuation coefficient charac-
terizations of each tissue available in the specimen, characterized at three different NIR
wavelengths. The characterized tissue attenuation coefficients are then arranged to build
the tissue attenuation coefficient matrix [µkλ] and then the inverse [µkλ]

−1, as required by
Equation (12a,b). Each type of tissue was prepared and placed in a very thin glass box for
the characterization process. The homogenous tissue specimens had a known uniform
thickness, “d”. Next, we prepared a planar wavefront monochromatic light source. It is
recommended to use a strong NIR semiconductor laser and pass through a beam expander
to obtain a Gaussian profile close to a planar wavefront.

2.3. Natural Logarithm of Inverse Transmittance Attenuation

The second step of the image decomposition process is to obtain the natural logarithm
of the inverse transmittance attenuation vector

[
lnT−1

λ (x, y)
]

of each pixel coordinate in
the image, as mentioned in Equations (11a,b) and (12a,b). The measurement process is
different from the tissue attenuation coefficient characterization method. The difference
is that, in the characterization of [µkλ], every specimen was one type of homogeneous
tissue, and the thickness d was known to be uniform. However, to obtain Tλ values, the
actual biological tissue specimen was a stack of three different tissues, and it had varying
thicknesses throughout the specimen area. However, both the attenuation coefficient

[µλ] characterization and
[
lnT−1

λ (x, y)
]

vector measurement were carried out with equal
proportions of the three different NIR wavelengths.
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The transmittance attenuation factor T at a pixel (x, y) and wavelength λ can generally
be written as follows:

Tλ(x, y) =
Iλ(x, y)

I0@λ(x, y)
(13)

where Iλ(x, y) is the object transmittance image intensity at pixel (x, y) and I0@λ(x, y) is light
source intensity at pixel (x, y); both were taken at a wavelength λ. The natural logarithm of
the inverse transmittance attenuation vector of the three images taken at the same frame
and by three different wavelengths at the coordinate (x, y) can be arranged and written
as follows: [

lnT−1
λ (x, y)

]
=


lnT−1

λ1 (x, y)

lnT−1
λ2 (x, y)

lnT−1
λ3 (x, y)

 (14)

Equations (13) and (14) describe a similar phenomenon to Equations (8)–(11) regarding
the vector of the natural logarithm of inverse transmittance attenuation; however, there
is a context difference: Equations (8)–(11) show the theoretical concept utilized to obtain
the

[
lnT−1

λ (x, y)
]

vector, while Equations (13) and (14) emphasize obtaining the vector
from measurements.

2.4. Tissue Thickness Vector [dk(x, y)]
The third step is obtaining the tissue thickness vector [dk(x, y)], as mentioned in

Equation (12b), whose components are the tissue object’s thicknesses at the (x, y) image
pixel coordinate. The tissue thickness vector has the following components: dm(x, y) is the
thickness of the meat, db(x, y) is the thickness of the bone, and ds(x, y) is the thickness of
the skin at pixel (x, y).

2.5. Tissue Thickness Image Matrix [Dk]

The fourth or final step in the image decomposition process is compiling vector
components with the same tissue index k and arranging them by coordinate position (x, y)
to form a tissue thickness image matrix [Dk], where k is an index that represents a tissue
layer of either meat (m), bone (b), or skin (s). Each 2D tissue thickness image describes the
thickness distribution of each tissue layer. The value at a given (x, y) coordinate represents
the tissue thickness at the coordinate, as shown in the following 2D matrix definition:

[Dk] =

 dk(0, 0) · · · dk(0, N − 1)
...

...
...

dk(M − 1, 0) · · · xk(M − 1, N − 1)

 (15)

where [Dk] is a matrix with dimensions of the image frame, i.e., M × N pixels, which is
equal to the original image size. Matrix [Dk] represents the thickness image of the kth

chicken tissue.
Matrix [Dk] was the final goal of this transmittance image decomposition research,

i.e., the thickness image matrix of each of k-many tissues contained in the image object.
The thickness image matrices were processed from the k-many initial transmittance images
on the same object, which were taken on the same frame using k-many different NIR
wavelengths.

3. Experimental Setup

In this research, the image was captured using a transmittance mode, where the light
source was in the direction opposite to the camera and the object was in between, as shown
in Figure 3 below.
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Figure 3. Experimental setup: the image is captured in transmittance mode.

The advantage of the transmittance capture method in the image capture process is
that it allows us to obtain an overall profile of the biological organ tissues in the object. The
main apparatus used was an infrared laser diode source with three different monochrome
wavelengths: 780 nm (120 mW), 808 nm (300 mW), and 980 nm (100 mW). For the expanding
beam diameter, a single negative lens with a focal length of 5 cm was used, followed by
a thin light diffuser to suppress spatial speckle patterns on the light beam. We used an
infrared-capable Thorlabs CMOS CS505MU camera equipped with an MVL5M23 lens to
capture the image. For image acquisition, we developed an image processing program
based on MATLAB (R2023a Update 3 (9.14.0.2286388)).

4. Results and Discussion
4.1. Tissue Attenuation Coefficient Characterizations and Constructing the Tissue Attenuation
Coefficient Matrix [µkλ]

The following Figure 4 is the result of measuring the light profile of the 808 nm
wavelength with an empty glass case object used by the camera as a reference image. The
beam profile appears very similar to a perfect Gaussian shape [23–25]; spatial speckling
on the light beam was suppressed by applying a diffuser paper. Let us assume that the
intensity distribution in Figure 4 is I0@808(x, y) as the reference image. While Figure 5 shows
the measurement of the chicken meat object 0.5 cm in thickness, we used the same light
intensity at a wavelength of 808 nm when measuring the reference beam profile image of
Figure 4.
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Figure 5. Beam profile image of the 0.5 cm thick chicken meat specimen Icm0.5@808(x, y), taken at an
808 nm wavelength.

By referring to Equation (2), the transparency attenuation factor Tλ at a point (x, y)
from the chicken meat specimen measurement above could be obtained by dividing the
Figure 5 image by the Figure 4 image; hence, Equation (2) can be rewritten as follows:

Tcm0.5@808(x, y) =
Icm0.5@808(x, y)

I0@808(x, y)
(16)

Furthermore, the attenuation coefficient of the chicken meat substance µλ, as defined
in Equation (4), can be rewritten as

µcm@808(x, y) =
−ln(Tcm0.5@808(x, y))

0.5cm
(17)

The results of Equation (17) produced an image similar to a flat plane, as shown in
Figure 6 below.
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Figure 6. The tissue attenuation coefficient plane of the chicken meat specimen µcm@808(x, y) matrix.

To obtain the final value of the attenuation coefficient at a particular wavelength, the
entire matrix area of Figure 6 above was used to obtain a single value of µcm@808, as follows:

µcm@808 =
∑x,y µcm@808(x, y)

∑x,y(1)
(18)

The chicken meat attenuation coefficient at the wavelength of 808 nm and specimen
thickness of 0.5 cm (symbolized as µcm@808) was 5.394 cm−1. In order to be able to obtain a
reliable value, the measurements were conducted using different specimen thicknesses for
the chicken meat, i.e., 0.5, 0.6, 0.7, 0.8, and 0.9 cm, as shown in Figure 7 below.
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Figure 7. Several measurements were made to determine the final value of the chicken meat attenua-
tion coefficient µcm@808(x, y) with various specimen thicknesses.

In principle, the measurement of the tissue specimen is influenced by the glass case
that covers it. The thicker the measured tissue, the smaller the effect of the calculation error
due to the glass case. Measurement data from several tissue specimens that grew thicker
show asymptotic values. This asymptote value can be modeled, as will be discussed in the
Discussion section. The same tissue of varying specimen thicknesses was further measured
using two other different wavelengths. The other two tissue types (chicken skin and bone)
were measured in the same way. Finally, nine attenuation coefficient values of three chicken
tissues were arranged into a 3 × 3 [µkλ] matrix as shown in Table 1 below.

Table 1. The tissue attenuation coefficient matrix [µkλ] of chicken tissues.

Chicken Tissue λ1 = 780 nm λ2 = 808 nm λ3 = 980 nm

Meat 4.004 ± 0.286 3.335 ± 0.274 3.134 ± 0.282
Skin 2.522 ± 0.245 2.454 ± 0.249 1.935 ± 0.188
Bone 4.758 ± 0.405 4.359 ± 0.343 3.619 ± 0.315

4.2. The Biological Tissue Image Decomposition Process

In order to prove the biological tissue image decomposition concept, the following
analysis steps are carried out on a chicken tissue object consisting of three kinds of tissue—
bone, meat, and skin—arranged side by side. First of all, the chicken tissue specimen was
photographed with a visible polychromatic light source, as shown in Figure 8 below:
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Figure 8. Image of the chicken tissue specimen consisting of three tissue substances, i.e., bone, meat,
and skin, arranged side by side. The image was captured using a visible, polychromatic light source.

The same specimen was then photographed three times in the same frame using three
different near-infrared monochromatic light sources. Each of the three images was further
divided according to the reference image I0@λ(x, y) of each corresponding light source λ at



J. Imaging 2024, 10, 22 10 of 15

the pixel level (x, y), similarly to Equation (16). At each pixel (x, y), the three values were
combined in a stack and formed into vectors

[
ln T−1

λ (x, y)
]
, as shown in Equation (14).

Since the tissue attenuation coefficient matrix [µkλ] and the vector of the natural
logarithm of inverse transmittance attenuation

[
ln T−1

λ (x, y)
]

for each pixel in the entire
image area had been obtained, the tissue thickness vectors [dk(x, y)] in the entire image
area could then be obtained. The final results of the object image decomposition process
were obtained as three images represented by a tissue thickness image matrix [Dk], which
corresponded to each tissue of the chicken specimen, as shown in Figure 9, as follows:
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Figure 9. Image decomposition of Figure 8, consisting of three chicken tissues, i.e., (a) bone, (b) meat,
and (c) skin.

In this analysis, the tissue thickness is represented by a dark color. The thicker the
tissue, the darker the color. If the tissue is thin, that area will be gray or even white if it has
no thickness. Figure 9 (a) shows the bone section, (b) shows the meat section, and (c) shows
the skin section. Figure 9a–c depicts each part of the tissue with relatively good accuracy
with respect to Figure 8.

To further demonstrate the high potential of the proposed technique to decompose
biological tissue object images, further experiments were performed with different biolog-
ical object structures compared to Figure 8. As shown in Figure 10a, the chicken tissue
specimen was composed of three substances, repeating the previous experiment. However,
the specimen shown in Figure 10a was then covered completely by chicken skin tissue, as
shown in Figure 10b below.
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Figure 10. (a) A chicken tissue specimen consisting of three tissues, namely, bone, meat, and skin,
arranged side by side. (b) Specimen is completely covered by chicken skin tissue. Images were
captured using a visible polychromatic light source.

The images shown in Figure 10b were then decomposed into three images correspond-
ing to each tissue of the chicken specimen, as shown in Figure 11 below.
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Figure 11. Image decomposition of Figure 10 according to the distribution thickness images of each
chicken tissue, i.e., (a) bone, (b) meat, and (c) skin.

Figure 11a–c shows the distribution thickness images of each chicken tissue, with
relatively good accuracy corresponding to Figure 10, even though the object was completely
covered by chicken skin tissue.

To further analyze the accuracy of this decomposition technique, besides a qualitative
visual-based assessment, a quantitative assessment was also carried out by marking the
edge boundaries of each tissue in Figures 8 and 9a–c, as well as Figures 10 and 11a–c.
The tissue area image’s edge boundary is marked using the Image-Segmenter ToolBox
in MATLAB software (R2023a Update 3). For instance, the detected bone tissue area, as
shown in Figure 9a, was overlayed on top of the area in Figure 8 that corresponded to
the bone tissue. The ratio of the overlapping area between the two to the area of the bone
tissue section in Figure 8 represents the accuracy level of this decomposition process for
bone tissue. The method for determining decomposition accuracy was limited to area
ratios based on the Sorensen–Dice similarity criterion. The procedural steps carried out are
illustrated in Figure 12 below:
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Figure 12. The illustration of procedural steps in estimating the quantitative accuracy of a decom-
position image based on matching area. (a) Marking the edge boundary of bone tissue in Figure 9a;
(b) overlaid on the bone area of Figure 8 and results in (c).

Then, in the same way, a quantitative analysis was carried out for the other two tissues:
skin and meat. The results of the quantitative analysis of Figures 8–11 are summarized in
the following Table 2.

Table 2. Quantitative analysis of decomposition accuracy based on matching area ratio.

Chicken Tissue Figures 8 and 9 Accuracy Figures 10 and 11 Accuracy

Meat 75% 78%

Skin 85% 80%

Bone 91% 65%
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Quantitatively, the matching area ratio value was above 60%, indicating that the new
image decomposition technique is relatively reliable. This proves that the proposed method
is promising for further development.

5. Discussion

As mentioned above, the main aim of this research was to decompose the transmittance
image of a biological tissue object into several tissue thickness distribution images of each
constituent tissue. The biological tissue object comprised three types of chicken tissue:
meat, bone, and skin. The proposed image decomposition technique works based on the
concept of transmission attenuation. In order to verify the newly proposed technique,
there are at least three requirements that must be fulfilled. The first step is characterizing
the transmission attenuation coefficient of each tissue making up the biological object
with three different monochromatic NIR wavelengths. The second requirement is that the
monochromatic NIR light sources must have a property in the form of a planar wavefront
with minimum spatial noise. The third is that, in capturing the image, the camera must not
be in a saturation state.

In the first step, i.e., characterization of the tissue attenuation coefficient [µkλ], the
specimen was prepared by placing chicken tissues into a thin glass case with a thickness
of approximately 0.05 cm. However, the glass case for packaging specimens reflected the
light source, reducing light penetration. It is also possible to have multiple reflections
on the glass packaging for thin specimens. This light reflectance was very influential,
especially when characterizing absorption in very thin tissues. However, as the tissue
thickened, the tissue absorption grew more dominant than the glass case reflection. Hence,
the absorption measurement results became more stable, approaching the asymptotic value.
Several measurements were made with different specimen thicknesses: 0.4 cm, 0.5 cm, 0.6
cm, 0.7 cm, 0.8 cm, and 0.9 cm. The thicker the specimen, the more it reduced the effect of
the glass case [23], as shown in the measurement results in Figure 7 above.

In order to estimate the actual value of the attenuation coefficient, estimation models
are needed based on the measurement results of several different specimen thicknesses, as
shown in Figure 7 above. In this case, the estimation model was in the form of a nonlinear
regression equation, as follows [26,27]:

µkλ = β0 + β1
1

d3
k

(19)

where dk denotes the various thicknesses of the specimen, index k represents the kth type
of biological tissue, β0 is the estimated value of the asymptote, and β1 is the coefficient for
the inverse thickness of the specimen term to the power of three. The attenuation coefficient
will be asymptotic to a certain value when the specimen is thicker. Therefore, the glass
case effect can be ignored. Besides chicken meat, two other substances were characterized,
i.e., chicken bone and skin, each with various specimen thicknesses, using three different
monochromatic wavelengths: 780 nm, 808 nm, and 980 nm. Using the same method as that
described above, the tissue attenuation coefficient was obtained for each type of chicken
tissue at three different wavelengths. Finally, the tissue attenuation coefficient matrix
[µkλ]3×3 was formed, as shown in Table 1.

Figure 9a–c, similar to the decomposition images of Figure 8, shows a slight inac-
curacy. The boundary lines between tissues, as shown in Figure 9a–c, do not appear to
be accurate, as shown in Figure 8. The image decomposition inaccuracy is suspected to
have been caused by the determinant value of the tissue attenuation coefficient matrix
[µkλ], det[µkλ] = 0.0887, which was too low. The low determinant value indicates that
the vector components in the matrix may have been very close to a linearly dependent
condition [28,29]. A low determinant value can cause an inaccurate matrix inverse, which
results in an inaccurate image decomposition process. This small determinant value may
be caused by the three monochromatic wavelengths being too close to each other. This
research used three monochromatic light sources, i.e., 780, 808, and 980 nm. Various varia-
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tions in these three illumination NIR wavelengths will be carried out in future experiments
to optimize the image decomposition process. It is essential to select the spectral region
and wavelength variations that will be used to obtain much lower optical attenuation
coefficient properties, with a high contrast ratio of attenuation coefficient between tissues
and the wavelengths used. Exploring the far-infrared and terahertz spectral regions is also
recommended. It is promising for this method to work effectively and have an optimal
decomposition result.

As written in Equation (12a,b), some conditions are necessary in order to obtain the
tissue thickness vector [dk(x, y)]. The first required condition was that the tissue attenuation
coefficient matrix [µkλ] needed to be an invertible square matrix. As is well known in linear
algebra discussions, three linear equations are needed to solve three unknown variables,
which, in this context, were three tissue thicknesses at the pixel coordinates (x, y), where
each of these linear equations was required to involve the sum of the multiplications
between the tissue attenuation coefficients and the thickness of the corresponding layers,
as formulated in Equations (8)–(10).

The second condition, as a consequence of the invertible matrix and pointed out by
Equations (11) and (12a,b), states that if the biological chicken tissue specimen consists of
three different tissues, then the tissue attenuation coefficient matrix [µkλ] must be in the
form of a 3 × 3 square matrix. As shown in Equation (11), the [µkλ] matrix was composed
of three rows. Each row consisted of three attenuation coefficients corresponding to three
biological chicken tissues measured at the same wavelength. Different rows were measured
at different monochromatic wavelengths.

The [µkλ] matrix, from another perspective, can also be expressed as a composition of
three columns. Each column consists of three attenuation coefficients corresponding to the
same biological tissue, measured at three different monochromatic wavelengths. Different
columns correspond to the other tissues and were measured at three different monochro-
matic wavelengths. Equation (20) below illustrates what we have described above.

[µλ]3×3 =

µmλ1 µbλ1 µsλ1
µmλ2 µbλ2 µsλ2
µmλ3 µbλ3 µsλ3

 [R1]
[R2]
[R3]

[C1] [C2] [C3]

(20)

As illustrated in Equation (20) above, the tissue attenuation coefficient matrix [µkλ]3×3
consisted of three-row vectors [R 1], [R2], and [R 3] or three-column vectors [C1], [C2], and
[C3]. The row vectors [R1], [R2], and [CR3] were required to have a linearly independent
relationship to qualify as an invertible matrix [28,29]. Likewise, column vectors C1, C2, and
C3 needed to have the same relationship.

The third mandatory condition requirement is that the illumination intensity must
be below the camera’s saturation threshold. In general, the laser light source used has an
intensity level well above the saturation level of the camera. The intensity of the laser light
source is adjusted so that the peak of the Gaussian profile distribution does not exceed the
camera saturation threshold. This setting is conducted by adjusting the bias current of the
laser semiconductor used, as shown in Figure 13 below.
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6. Conclusions

In this research, a new technique of NIR-based transmittance image decomposition
was developed for biological tissue specimens based on a matrix inverse method. The
image was captured in transmittance mode. The experiment results show that the tech-
nique successfully decomposed the biological object image based on its components, i.e.,
different types of biological tissues. Although there are still some inaccuracies, as this
paper represents initial research, this transmittance image decomposition technique holds
great promise for the future of image instrumentation in the medical field. The image
decomposition process can be improved by increasing the accuracy of tissue attenuation
characterization and the selection of optimal optical spectral regions and wavelength il-
lumination variations. Exploring the far-infrared and terahertz spectral regions is also
recommended. Moreover, image decomposition accuracy can be improved even more by
making the illumination wavefront as planar as possible. In the future, machine learning
technology is expected to be able to further assist in optimizing the inverse matrix trans-
formation process. Furthermore, as the ultimate goal, when the images are taken from
various angles around the object, a 3D perspective tissue image of the observed object can
be produced. This is fascinating because it is possible to provide another alternative to the
3D medical image analysis modality in a low-energy manner.
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