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ABSTRACT

Background: Breast malignant growth is the most widely recognized disease
in women in both highly and less developed nations where early detection is vital
for life-saving and fast recovery. Recently, Photonic technologies has played a
vital role in medical applications. Their satisfactory and viable implementation in
therapy and diagnosis requires reliable information on the optical properties of
human tissues. This study presents an outline of recent outcomes on the magnitude
ofbreast tissue optical properties.

Methods: We established two different system setups utilizing hyperspectral
(HS) camera and multiple excitation source lights with wavelength (380~1050 nm)
for this investigation. The first setup (Transmission Mode) was applied for light
transmission measurement of ex-vivo breast sample. Thereby, we made
calculations of sample absorption. The second setup (Reflection Mode) was used
for the measurement of breast sample light diffuse reflectance. The outcomes of
both setups were used to select the optimum spectral image to differentiate between
the normal and tumoral regions in the ex-vivo breast sample by exploring the optical
properties spectroscopy in the Near and visible (NIR-VIS) spectrum. Finally, we
applied the custom system on the case study technique for breast tumor detection.

Results: Experimental investigations results showed that due to the various
excitation wavelength light source (380~1050 nm) generates variable depths of
penetration depth in the ex-vivo breast sample. Consequently, experimental results
of the diffuse reflectance (Rd) provide the optimum spectral image at 600 nm for
the diagnostic applications. However, the statistical calculation of the normalized
signal validated the outcome at wavelength 680 nm. Additionally, we noticed the
optimum spectral image for therapy applications at 700 nm by measurement of
breast tissue transmission (T) and attenuation absorption (A) calculation.
Moreover, the statistical calculation of the normalized signal validated the
outcome at wavelength 760 nm.

Conclusions: The proposed novel approach successfully provided promising
results of the investigated breast sample optical properties in both diagnostic and
therapy applications to assist the pathologist and the surgeon. The trail outcomes of
the investigated case study were impressive for selecting optimum wavelength for
diagnostic and treatment (680, 760 nm), respectively.

Introduction

Address for correspondence:
Mohamed Hisham Aref, MSc.

Cancer is the second leading cause of death after
heart disease as it continues to threaten the lives of

Postal Code: 11571
Tel:+2 01221997009

Email: mh-aref@ieee.org

cause of cancer death is lung cancer. However, in
females, breast cancer is mostly the leading cause of
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mortality.” Breast cancer is the most widely
recognized malignant disease in women in both
highly and less developed nations.™* More than 8% of
women will endure this disease during their
lifetime.” Breast cancer is a malignant tumor that is
established from cells in the breast some times with
no symptoms in early stages.’

Breast cancer rate increases with age from the 3rd
to the 5th decade.” Of all breast malignant growth, 90
to 95% cases are found through breast self-
assessment.” As indicated by the World Health
Organization (WHO) in 2018, it is evaluated that
627,000 women died from breast malignant growth,
which is roughly 15% of all malignant deaths among
women.’

Numerous common imaging techniques can be
utilized for breast malignant growth analysis such as
X-ray Mammograms,'” " Breast Ultrasound” ”, and
Breast MRI. " ' However, it is strengthened by
several components such as the Contrast to Noise
Ratio", spatial resolution, and Signal to Noise Ratio
of each device."

The regular imaging technique for breast
screening and examinations in various countries is
x-ray mammography.” However, its sensitivity is
~74% and is reduced down to ~50% in dense breast,
beside manipulating x-ray radiation dosages'® while
Breast MRI provides high sensitivity but its
specificity is relatively poor. Additionally, it is
characterized by being costly and long examination
time."*’

Currently, biopsy is the best technique for tumor
identification, which incorporates the resection of
tissue from the breast lesions which is then analyzed
by a pathologist.”’ However, it is expensive, tedious
(staining, slicing, and microscopic examination) and
requires exceptionally prepared specialists and
pathologists.”

Whole tumor resection is challenging as a result
ofthe absence of perfect intraoperative tumor margin
imaging systems.” Thus, in up to 37% of female
patients encountering breast conserving surgery
procedure, the tumor exists in the resection margins
of the resected specimen.”*” This increases the risks
of tumor recurrence and long recovery endurance.”
Now, a pathologist, who examins the tissue under an
advanced microscope, assesses the resection
margins a few days after a surgery. In this manner,
there are few prompt analysis can give direct
information to the specialist in real-time surgery.”’

Lately, numerous scientists have set up various
methods for resection margins evaluation during
breast-conserving surgery (frozen section analysis,
ultrasound, imprint cytology, and sample
radiography) to decrease the amount of tumor-
positive resection margins.”” On the other hand,
none of these techniques have been available and
effective for clinical use. The “frozen setion
analysis” could be done within ~30 mins, with a

sensitivity and specificity of 83% and 95%,
respectively.”

The main drawbacks of the technique involves
the necessity for a particular pathologist, risk of false
negatives (FN), and the impracticability of
examining the entire surface of resection margins”*
In the imprint cytology technique diagnose could be
established within ~15 mins, with a sensitivity and
specificity of 72% and 97%, respectively. The
information elucidation errors, sample surface
irregularity, and dryness are the drawbacks of this
technique.”

Hyperspectral imaging (HSI) is also called
imaging spectroscopy, which reveals the novelty that
integrates typical imaging and spectroscopy
modalities to secure both spatial and spectral data of
an item.’"”  Imaging spectroscopy has been
accessible as a far off detecting innovation since the
1960s.” Several studies discussed the HSI
capabilities in distinguishing red meats quality™, and
its relevance in excellence and safety inspections of
the grains and nuts.” Moreover, utilizing HSI in the
near-infra red (NIR) wavelengths in agriculture and
food crops has produced superior results.™

Furthermore, for the medical applications
exploiting HSI, subsequent studies revealed the
efficiency of HSI in non-invasive tissue
examinations”, in the tumor detection in ex-vivo
samples of head and neck for human being tissues™,
the usage of HSI with non-contact endoscopic system
to detect colorectal cancer”, detection of skin cancer”,
and breast tissue.”

A study was conducted to highlight the unique
properties of HSI in radiofrequency ablation
(RFA)." Aref et al. showed that HSI could be a
powerful tool in distinguishing thermal ablation of
10 samples of the ex-vivo bovine liver due to the
variations of the optical properties, with the trials
showing an ideal spectral image (720+18.92 nm)."

Moreover, the HSI system was exploited to
determine malignant growth in the ex-vivo breast
samples. The outcomes of the segmented spectral
regions (420~620 nm) were efficient to distinguish
the cancerous region from the normal tissue with
95%,and 96% sensitivity, and specificity,
respectively.” Additionally, the HSI system was
exploited for breast cancer detection over broadband
spectral range (400~1650 nm) with two different
classifier algorithms providing high sensitivity and
specificity.”

The breast tissue interacts with light according to
its optical properties (type/size/density/color) to
provide several mechanisms such as transmission,
absorption, and diffuse reflectance.” * The main
concern in this experiment was measuring the
sample transmission to calculate the absorption to
identify and characterize the breast samples
regarding its spectral signature, as illustrated in
Figure 1.

190 Aref, et al. Arch Breast Cancer 2020; Vol. 7, No. 4: 189-201



Breast

Female Body

Hyperspectral imaging system in BC ;'

Diffuse

Reflectance 6lnm

“Sinm
~450nm

Reflectance  Absorption

Basal cell HR+ lum:nsl Ad pocyte Macrophage
cell

Mammanry HR-
stemcell  Tuminal cell  Fibroblast cells

Endothelial

Figure 1. The light interaction (absorption / diffuse reflection / reflectance) of ex-vivo breast tissue sample highlighting
the substitution of the breast tissue cells

In the proposed approach, we established a
system that could provide promising outcomes
regarding breast sample optical properties in both
diagnostic and therapy applications. After exploring
breast tissue optical properties (Transmission,
absorption, and diffuse reflection), we could select
the optimum wavelength for breast tissue therapy
and diagnostic applications to assist the pathologist
during the tissue investigation and reduce the time of
examination and the surgeon during the breast

biopsy and mastectomy process.

Table 1. Patient’s charachterictics

Methods

The main protocol used in this study is as follows:
» Sample investigation and tissue characterization.
* HS image for the ex-vivo breast sample.

* Measuring sample transmission transmission.

* Calculation of the sample absorption from the
measured transmission.

* Measuring for sample diffuse reflection.

* Selection of the optimum wavelength for therapy.
* Selection of the spectral image to differentiate
between the tumor and normal regions in the
diagnostic applications. (Table 1)

Patient ID Age Breast structure’ Tumor size’ Grade®
(years)
1 52 Extremely dense Stage 1 (<2cm) Grade |
2 49 Scattered dense Stage 2 (<4cm) Grade 1
3 55 Heterogeneously Stage 2 (<4cm) Grade 11
dense
4 44 Mostly fatty Stage 2 (<4cm) Grade 11
5 46 Scattered dense Stage 3 (>4cm but Grade 1
confined to the breast)
6 50 Heterogeneously Stage 3 (>4cm Grade 11
dense but confined to the breast)
7 53 Heterogeneously Stage 1 (<2cm) Grade |
dense
8 56 Heterogeneously Stage 3 (>4cm Grade 11
dense but confined to the breast)
9 58 Heterogeneously Stage 2 (<4cm) Grade 11
dense
10 60 Extremely Stage 2 (<4cm) Grade |
dense

a Breast Structure Type: Mostly fatty; Scattered density; Heterogeneously density; Extreme density

b Tumor Stage: Stage 1 — A breast tumor is smaller than 2 centimeters in diameter and the cancer has not spread

beyond the breast; Stage 2 — A breast tumor measures 2 to 4 centimeters in diameter or cancerous cells have spread to the lymph
nodes in the underarm area; Stage 3 — More widespread cancer is found; however, it is confined to the breast, surrounding tissues.
¢ Tumor Grade: Grade I - Well differentiated; Grade II - Moderately differentiated
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The main framework of the proposed system is
subdivided into two individual setups utilizing
hyperspectral HS camera. Both setups exploited
polychromatic source light with wavelength
(380~1050 nm). The first setup (Transmission
Mode) was applied for light transmission
measurement of the ex-vivo breast sample.
Thereby, calculations of sample absorption, as
displayed in Figure 2-a. Second setup (Reflection

Computer & Tmage Processing

Figure 2. (a) System setup#

Mode) were exploited for the measurement of
breast sample light diffuse reflectance, as
illustrated in figure 2-b.

The results for the two setups were used to
determine the optimum wavelength to
differentiate between the normal and tumor
regions in the ex-vivo breast samples using the
optical properties spectroscopy in the Near and
visible (NIR-VIS) spectrum.

Aalignant Tissue

Normal Tissue

Measuring the optical properties (Transmission and absorption)

of the ex-vivo breast sample,(1) The HS camera used (Surface Optics,SOC710, USA), (2) Polychromatic source light
(Derungs, 150 W, 400~1000 nm,Germany), (3) The investigated ex-vivo breast sample , (4) Computer and image

processing software (b) system setup#2 (Reflection Mode - Rd) Measuring the optical properties (Diffuse Reflection)
of the ex-vivo Breast Sample, (c) Acquired RGB images for some of the ex-vivo breast samples in the experiments

Pathology examination and sample slicing for

malignancy

Before the experimental investigation, the
procedure validation was achieved from Ain Shams
University - Ethics Committee. Overall, 10 patients
who with breast cancer who had been underwent
mastectomy were selected. Subsequently, after

careful examination and evaluation, the breast tumor
samples were selected from arbitrary patients.

The investigated ex-vivo breast samples were
crudely cut into slices with approximate sizes (2.5%3
cm), sample thickness 4~6 mm, then transported in
icebox full of deionized saline. The samples were
approximately (2.5%3 cm) slices at lab temperature
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Figure 3. The image processing protocol for the two setups for ex-vivo breast tissue sample optical properties

23°C~ 24°C, and the temperature of the sample
investigated was 25~28 °C. The samples were
persevered before and after the trails at ~69 °C, as
displayed in Figure 2-c.

The main theory and system equations

The main block diagram of the two system setups
to measure the optical properties of the investigated
breast samples is presented below. Transmission,
absorption, and diffuse reflection were measured and
then the custom algorithm was applied to increase
the image contrast and delineate the tumor region of
the samples, as depicted in Figure 4.

Light propagation in tissue is modeled based on
transport theory™* which relies on the superposition
of energy flux so that the wave properties of light
(e.g. polarization, interference, etc.) are not
considered. The radiant power of the light
transferred in the surface is clarified in equation (1):

R=[F.n (1)

Where, (F) is the flux vector, (R) is the radiant
power transferred through a surface with the area (A).

Describing the propagation of light in turbid
media, it is essential to explain some of the important
optical parameters used in modeling light propagation
in turbid media. Therefore, the propagation of
photons, the radiance, fluence rate, and flux were
considered.”

The photon distribution function N (r.§) is
described as the number of photons per unit volume
traveling in the route of a unit vector$ , in an element

of solid angle including §, at a given point r divided
by this element. The power of the photons (P) that
propagate via the minute area dA in the minute solid
angle do in the direction of §, with energy hv and
velocity ¢, is demonstrated in equation (2):
dP(r.3)WIEN(.3) dA dw g, hv @)

Where (¢,))is the velocity of light in tissue and
(dA)isperpendicularto ((8)) .

Medical applications often involve the interaction
of light with the tissue. The amount of light could be
expressed as the irradiance EO, which is realized as
the radiant energy flux incident on an element of the
surface, divided by the area of the surface. Apart from
that incident, light is reflected and tissue entrance is
attenuated by scattering and absorption according to
Beer's law, as highlighted in equation (3).

o(d)=E, (1-R)(e"*") 3

where o(d) is the fluence rate for the un-scattered
beam at position d, E, is the irradiance, and R is the
Fresnel surface reflection.

1 1

" “4)

()' — =
(MstHs) Mt

Where () is the total attenuation coefficient and
(o) is the penetration depth.

The interface of the light beam with the biological
tissues is assessed in terms of transmission
measurement (T), diffuse reflection (Rd), and
calculated attenuation absorption (4)", according to
the following equations:
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_ Ts=To ®)
Tst‘To

_ Rds—Rdy 6

Ra = 2a, g ©

Where % and BTiSf are the light intensities measured by
diffuse reflectance/transmittance with the breast
sample and the standard reflecting optical white plate,
respectively. The % exemplifies the background light
intensity distinguished by reflectance/transmittance

without a sample on the reflecting plate.

Spectral planning and Procurement

To capture the necessary HSI data, we used HS
camera (Surface Optics, SOC710, USA) with
spectral resolution 3.1 nm equivalent to 600 x 502
pixels for the spectral group (HS Cube captured in
3.65 sec). The HSI was comprised of overall 128
spectral groups in range 379~1050 nm, incorporated
with a lens with range (400~1000 nm). The camera
was used with a lens (Schneider,400~1000 nm,
Germany). The light assembly for the HS image scan
was used with polychromatic source light (150 W,
400~1000 nm).

Several scanned images for investigating the
sample were acquired, and then statistical analysis

Maxnpew—MiNpew

was done for the spectral signature to select the ideal
spectral image, followed by the custom algorithm.

A basic advancement in HSI imaging, before
image procurement, is a level field correction for
data standardization. A white equalization and dim
current measurements were utilized to gain relative
reflectance from the sample.” The dark cube was
captured by closing the HS camera lens with its cap
to avoid any light getting into the sensor. Information
from a dark image and white balance estimations
were utilized to correct the deliberate material
image. The fundamental reason for this amendment
was to wipe out artifacts and noise impacts on the
sample tissue, as clarified in equation (7):

Im(9)-1d(9)

RF(9) = Tw(9)—1d(9)

X 100% (7)

Where RF(9)is the relative reflectance of the
object image, Im(9) is the captured image, Id(9) is the
dark acquired image with the lens shut with the cap,
and Iw(9) is the acquired image of the whiteboard.

We applied normalization on the captured image
to remove the unwanted spectral impact from the
polychromatic light. The original captured images
vary depending on the light, the irregular shape of the
sample, and temperature variations, so spectral
images ought to be normalized including pixel
normalization, as demonstrated in equation (8).

(8

lnew = (Iprevious - minprevious)

Although, normalization alters an m-dimensional
grayscale previous image

I, ....{A} with intensity assessments in the
range minimum (min,,,,,,,) to maximum (max ..
into anew image

1,..:{A} with intensity values in the range
minimum (min ,,,) to maximum (max ).

Next, applying the moving average filter, the
arithmetic means filter at kernel value 10 for noise

reduction and image enhancement, we have:”
1 © ,
fXXxY) = 2t + Z(fxC)eW St xc) )

Where ‘S’ is the noisy image, f{XxY) is the
restored image, and “ ¢ ” and “ ¢ * for the row and
column coordinates respectively, within a window
‘W’ of'size ‘g xt’ where the process takes place.

A histogram is comparable in appearance to a bar
graph and it is a graphical display of information that
arranges a lot of information to visualize/count the
quantity of events of information (frequency) over
units of discrete intervals, named buckets or bins.
Basically, the equation for histogram circumvents
the territory of the bars and it is assessed using the
summation of the result of the class interval's width
and comparing frequency thickness of each class, as
explained in equation (10):

+ Mingy e

MaXprevious ~MAXprevious

H =30, Cw; X fD; (10)

Where the Area of Histogram is (7), the class
width is (Cw), and the frequency density is (£ D).

Results

In this section, we illustrate the fundamental
investigation outcomes. The primary objective of
these examinations is to highlight the system
capability to discriminate between the normal and
malignant tumor regions of the investigated ex-vivo
breast samples utilizing the biological tissues optical
properties.

We established two different system setups utilizing
hyperspectral (HS) camera and various excitation
source light with wavelength (380~1050 nm) for this
investigation. The first setup involved light
transmission (T) measurement of ex-vivo breast sample
to provide the necessary data for breast tumor therapy.
The second setup involved the measurement of breast
sample light diffuse reflectance (R,), which provided
the crucial information for breast tumor detection.

The outcomes of the two setups were used to
select the optimum wavelength which could
differentiate between the normal and cancer specific
regions in the investigated breast sample by
exploring the optical properties spectroscopy in the
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Figure 4. (a) The Diffuse reflectance (R) measurements of both the normal (black line) and cancer (red line) ex-vivo
breast sample over the whole spectrum range; (b) The Transmission (T) measurements of both the normal (black line) and
cancer (red line) ex-vivo breast samples over the whole spectrum range, (c) The Absorption (A) Calculations of both the
normal (black line) and cancer (red line) ex-vivo breast samples over the whole spectrum range, (d) The Diffuse reflectance
(R) measurements after applying normalization to the raw data to neglect the intensity effect and focus on the wavelength
differentiation; (e¢) The Transmission (T) measurements after applying normalization to the raw data to neglect the intensity
effect and focus on the wavelength differentiation; (f) The Absorption (A) Calculations after applying normalization to the
raw data to neglect the intensity effect and focus on the wavelength differentiation.

Near and visible (NIR-VIS) spectrum.

The raw data displayed in figure 4-a, b, and ¢ show
the typical spectral values over the selected taken
points on the malignant and normal regions. However,
the raw data was normalized to neglect the variation of
the intensity and focusing on the spectral change to
display the spectroscopic point measurements, as
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demonstrated in figure 4-c, d, and e.

Regarding the first setup (Transmission Mode)
for light transmission (T) measurement of ex-vivo
breast sample, we acquired 7-spectral images
(400~1000 nm) with resolution 100 nm regarding the
128-frames to reduce the time consumption of image
processing, as displayed in figure 5.
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Figure 5. The Multiple Excitation Wavelength Light Source (380~1050 nm) generates Variable Transmitted Light through the
ex-vivo Breast Sample,(a) Breast Sample at 400 nm,(b) Breast Sample at 500 nm,(c) Breast Sample at 600 nm, (d) Breast Sample
at 700 nm, (e) Breast Sample at 800 nm, (f) Breast Sample at 900, (g) Breast Sample at 1000 nm, (h) Conceded Image for the 7
wavelengths, (i) Conceded Image for the Image enhancement applying normalization and moving average filter (K=10) at scanned
spectral images from (400 nm) to (1000 nm) with resolution 100 nm.
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Figure 6. (a) The Conceded Image after Image enhancement for Variable Transmitted Light through the ex-vivo
Breast Sample applying normalization and moving average filter (K=10) at scanned spectral images from (400 nm)
to (1000 nm) with resolution 100 nm to differentiate between the malignant and normal tissue;

(b) The Calculated Absorption Coefficient (A) from Variable Transmitted Light through the ex-vivo Breast Tissue
under investigation at scanned spectral images from (400 nm) to (1000 nm) with resolution 100 nm to differentiate
between the malignant and normal

The Conceded Image of the scanned spectral
images (400~1000 nm) with resolution 100 nm were
used after applying image enhancement,
normalization and moving average filter (K=10) to
differentiate between the malignant and normal
tissue at variable Transmitted (T) Light through the
ex-vivo Breast Sample as compared with the data
from figure 45-b and figure 4-e¢ as the spectral
signature guidance to select the distinct spectral
image, as presented in figure 6-a.

The Conceded Image of the attenuation
absorption (A) to the spectral images (400~1000 nm)
with resolution 100 nm was used after applying
image enhancement, normalization, and moving
average filter (K=10) to differentiate between the
malignant and normal of ex-vivo Breast Sample as
compared with the data from figure 4-c and figure 4-f
as the spectral signature guidance to select the
distinct spectral image, as exhibited in figure 6-b.

The second setup (Reflection Mode) was used for
the measurement of breast sample light diffuse
reflectance (Rd), as illustrated previously in figure 2-
b. The experiment spectral signature demonstrated
that the lowest measured diffuse reflection (Rd) at
wavelength 400 nm and the highest at wavelength
560 nm could highly discriminate between the
normal tissue and the malignant region, as can be
seenin figure 7.

The Conceded Image of the sample light diffuse
reflectance (Rd) at spectral images (400~1000 nm)
with resolution 100 nm was used after applying
image enhancement, normalization, and moving
average filter (K=10) to remove the background
noise to differentiate between the malignant and
normal of ex-vivo Breast Sample as compared with
the spectral signature in figure 4-a and figure 4-d, as
displayed in figure 8.
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Figure 7. The measured diffuse reflectance (Rd) of the breast sample, (a) Breast Sample at 400 nm,(b) Breast Sample at
500 nm,(c) Breast Sample at 600 nm, (d) Breast Sample at 700 nm, (¢) Breast Sample at 800 nm, (f) Breast Sample at 900,
(g) Breast Sample at 1000 nm, (h) Conceded Image for the 7 spectral images,(i) Conceded Image after the Image
Enhancement applying normalization and moving average filter (K=10) at scanned spectral images from (400 nm) to
(1000 nm) with resolution 100 nm.
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Figure 8. Conceded Image for the measured diffuse reflectance of the breast sample after Image Enhancement applying
normalization and moving average filter (K=10) at scanned spectral images from
(400 nm) to (1000 nm) with resolution 100 nm.

From figure 7 and 8, we could select the optimum
spectral image by measured light diffuse reflectance
(Rd), which had enough contrast to discriminate
between the normal tissue and the malignant region
which was at wavelength 600 nm. However, the
results from the spectral signature in figure 4-a and

Aref, et al. Arch Breast Cancer 2020; Vol. 7, No. 4: 189-201

figure 4-d at wavelength 560 nm validated the
outcome.

The HS image at wavelength (400 nm)
represented the DC image which could not
discriminate between the normal and the tumor
regions, as shown in figure 9-a. The ideal HS image
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Figure 9. The ex-vivo breast Investigated Sample, (a) The HS Image of the breast sample at 400 nm , (b) The HS Image of the
breast sample at 600 nm, (c) The subtracted Image between the (400 nm and 600 nm) to remove the DC background noise,
(d) The Contour Mapping of the variable threshold regions of the tumors in the breast sample.

was at wavelength (600 nm) applied for ideal
distinction between the normal and the tumor
regions, as verified and calculated previously and
displayed in figure 9-b. The subtracted image at
figure 9-c is considered to be the ideal information for
the specialized which could be used to identify the
normal region (highly illuminated in the left) and the
tumor regions (the more darker regions).

Finally, figure 9-d illustrates the contour mapping
of the variable regions of the malignant breast which
could be delineated according to the variable
threshold value.

Discussion

Cancer is the second leading cause of death after
heart disease as it continues to threaten the lives of
millions worldwide."* Breast malignant growth is
one of the most broadly perceived dangerous tumors
in the world and the primary source of death among
women.’ There is an expanding interest in improving
breast cancer identification techniques using clinical
imaging instruments because effective treatment of
breast cancer relies upon its correct and early
diagnosis.” Fundamentally, we can recognize early
tumors before the tumor metastasizes.™

We investigated the optical properties of the breast
tissue utilizing the capability of the hyperspectral
camera in the (NIR-VIS) spectrum. A set of spectrum
images among (400~1000 nm) from recently excised
breast tissues were investigated using two

approaches: (1) (Transmission Mode) was applied for
light transmission (T) measurement and (2)
(Reflection Mode) used for measurement of breast
sample light diffuse reflectance (Rd). The outcomes
of both methods were used to select the optimum
wavelength to differentiate between the normal and
tumor regions in the ex-vivo breast sample by
exploring the optical properties spectroscopy in the
(NIR-VIS) spectrum, as demonstrated in figure 4.

The raw data displayed in the graph of figure 4-a,b,
and ¢ showed the typical spectral values over the
selected taken points on the malignant and normal
regions. However, the raw data was normalized to
neglect the variation of the intensity and focusing on
the spectral change to display the spectroscopic point
measurements, as demonstrated in figure 4-c, d, and e

Figure 5 shows the first setup (Transmission Mode)
for light transmission (T) measurement of ex-vivo
breast sample. We acquired 7-spectral images
(400~1000 nm) with resolution 100 nm regarding the
128-frames to reduce the time of image processing. We
noticed that the optimum spectral image was highly
contrasted at wavelength 700 nm for light transmission
(T) measurement and verified in the attenuation
absorption (A) as shown in figure 6-b. However, the
results of the statistical analysis regarding the raw data
signal in figure 4- ¢ indicate the optimum wavelength
at 600 nm, although the normalized data from Figure
4-f was more clearly identified in wavelength 760 nm,
as illustrated in table 2.
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Table 2. The Measurement of Breast tissue transmission (T) to highlight the highest contrast between the

normal and cancer regions over the spectrum range.

Wavelength (nm) 400 440 480 520 560
Breast tissue transmission (T) 9.3 12.6 250 516  82.6
Cancer tissue transmission (T) 8.0 8.4 9.4 10.5 12.2
Standard Deviation ($d) 095 298 11.04 29.03 49.78
(Sd) after Normalization 4495 1273 22,63 354 283

600 640 680 720 760 800 840 830 920
89.6 835 667 590 499 364 280 266 187
126 123 125 120 118 11.0 101 9.6 89
5442 5031 3835 3323 2697 17.96
354 071 4243 4243 6931 5515 4101 2546 1838

12.67 12.05 6.95

Table 3. The measured diffuse reflectance (Rd) of the ex-vivo breast sample of the breast tissue to highlight the
highest contrast between the normal and cancer tissue at the various spectrum range

Wavelength (nm) 400 440 480 520 560
Breast tissue reflection (Rd)  40.2 1742 6953
Cancer tissue reflection (Rd) 23.3  80.1 270.8
Standard Deviation (Sd)

(Sd) after Normalization 0 4243 1202 19.09 2546

600 640 680 720 760 800 840 830 920
17779 23349 2420.5 19339 1236.6 783.6 7298 5704 241.0 311.6 1443
4669 6072 7271 7458 7119 3725 4998 3832 1751 221.6 1002
11.95 66.50 300.13 927.03 1221.63 1197.36 840.08 370.95 290.70 162.63 132.34 46.63 63.67 31.18
212 3748 79.903 30.406 65.56 26.16 22.63 28.99 28.99

Figure 7 and Figure 8 displaying the acquired
images regarding the second setup (Reflection
Mode) to measure the Diffuse reflectance (Rd)
measurements which emphasize the differentiation
between the normal tissue and cancer region at
wavelength 600 nm. Additionally, the statistical
analysis of the raw data from figure 4-a show high
contrast at wavelength 560 nm and after
normalization it was more identified at 680 nm, as
can be seen in table 3.

After selecting the optimum wavelength to
differentiate between the normal and malignant
tissue of the breast samples in the diagnostic
applications by measuring the light diffuse reflection
(Rd) at wavelength 600 nm, we removed the ground
noise by spectral subtraction of spectral image at 400
nm to increase the contrast image, as shown in figure
9-c. Finally, figure 9-d illustrates the contour
mapping of the variable regions of the breast
malignant which could be used to delineate the
cancerous regions in with variable threshold.

In conclusion, the results of this prospective
approach revealed the HSI capability to be a feasible
method to differentiate between the normal tissue
and breast tumor, by providing vital information on
the measurements of breast tissue optical properties
in both the diagnostic and therapy applications. The
experimental results by measurement of the diffuse
reflectance (Rd) showed the optimum spectral image
at 600 nm for the diagnostic applications. However,
the statistical calculation of the normalized signal
validated the outcome at wavelength 680 nm.
Additionally, the optimum spectral image was
obtained at 700 nm for the therapy applications by
the measurement of breast tissue transmission (T)
and absorption (A) calculation. Moreover, the
statistical calculation of the normalized signal
validated the outcome at wavelength 760 nm. In
future work, we will update the system hardware
such as the HS camera and increase the source light
wavelength range. Additionally, we will use a Q-

switched pulsed laser at a custom optical system (760
nm) for breast tumor ablation without normal tissue
damage.
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