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Abstract - Spectral imaging has recently gained attention as a
promising noninvasive technique for diagnosing human skin
conditions, owing to its safety and noninvasive nature. However,
one of the main challenges to advancing the application of this
technique is the lack of a comprehensive and reliable database
capturing the optical characteristics of different skin tones and
conditions. Monte Carlo Simulation on Multi-layer Media
(MCML) has proven effective in modeling light-tissue
interactions and generating spectral reflectance data for biological
tissues, particularly skin. However, the traditional simulation
process is time-consuming. This study examines and validates the
results of an accelerated MCML simulation using CUDA
technology, by comparing its spectral diffuse reflectance outputs
with actual measurements from healthy skin across three distinct
skin tones within the 900 nm to 1700 nm wavelength range. The
high degree of agreement between simulated and measured data
supports the feasibility of building a robust MCML-based
spectral reflectance database.
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1. Introduction

As demand for better dermatological care grows, the
need for improved diagnostic services is increasingly
evident worldwide and in Vietnam. In 2016, the American
Academy of Dermatology (AAD) reported that 84.5
million Americans were affected by skin diseases, leading
to $75 billion in healthcare costs [1]. Skin and
subcutaneous disorders ranked as the fourth leading cause
of nonfatal health issues globally in 2010 and 2013 [2]. In
Vietnam, a survey by Binh Thuan Provincial Dermatology
Hospital found that 41% of 2,400 respondents had atopic
dermatitis, and 20.6% had fungal or parasitic skin
conditions, largely due to air pollution and climate change
[3]. In Ho Chi Minh City, the Dermatology Hospital treated
an average of 120 pediatric patients daily for conditions
like atopic dermatitis, allergic contact dermatitis, and
fungal infections [4].

Despite advancements, current skin diagnostic methods
remain inadequate for personal or widespread clinical use.
Noninvasive optical imaging techniques, especially those
enhanced by Al, are gaining traction in dermatology but
are limited by the lack of a comprehensive skin database.
Developing fast, accurate methods to expand this database
is essential for improving accessible and efficient skin
diagnostic solutions.

2. Methodology
2.1. Human skin structure

Human skin is a complex, multilayered organ with a
highly individualized structure and chemical composition,
which varies between individuals [5]. Diseases and
conditions can visibly affect its structure and appearance
[6]. Skin spectroscopy is a valuable technique for
analyzing these changes by assessing the skin’s optical
properties and interaction with electromagnetic radiation.
Specific wavelengths can reveal skin composition,
abnormalities, or  alterations  through  spectral
measurements like absorbance and reflectance [7-8].
Spectroscopic analysis focuses on how light is reflected,
absorbed, and transmitted through the skin layers [9], using
specialized instruments to collect data across selected
spectral ranges. Electromagnetic radiation is categorized
by wavelength into radio waves, infrared (IR), visible light
(VIS), ultraviolet (UV), X-rays, and gamma rays [10]. The
depth of penetration and biological impact depend on
energy and wavelength, with high-energy radiation (e.g.,
X-rays, gamma rays, certain UV rays) penetrating and
damaging tissues. For most diagnostic applications, VIS
and IR regions are preferred [10]. This study focuses on
skin-light interaction in the 400 nm to 1700 nm range,
which is safe for human tissue and provides sufficient
information for modeling skin properties.
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Figure 1. General model of interaction between human skin and
radiation [10]

Human skin consists of three primary layers: the
epidermis, dermis, and subcutis, each with sub-layers.
Figure 1 illustrates radiation interaction with the skin. At
the air-skin interface, part of the incoming light is reflected
due to refractive index differences, while the rest is
refracted into deeper layers. Each skin layer is
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characterized by optical properties, including absorption
coefficient (ua), scattering coefficient (us), thickness (d),
refractive index (1), and anisotropy factor (g).

In human skin, the outermost layer, the epidermis,
consists of two sub-layers: the stratum corneum and the
living epidermis. The stratum corneum, made up mainly
of dead cells, acts as a protective barrier that retains
moisture and prevents dehydration. It absorbs minimal
light, with reflected light primarily considered surface
reflectance. Below it, the living epidermis is composed of
viable cells, with its optical properties mainly influenced
by the pigment melanin [11, 12]. The dermis, beneath the
epidermis, contains dense connective tissue with nerves
and blood vessels. Hemoglobin, the natural chromophore
in blood, absorbs light and gives the skin a reddish hue.
There are two forms of hemoglobin: oxygenated (HbOx)
and deoxygenated (Hb) [13, 14]. Light scattering in this
layer is mainly due to its fibrous structure. The innermost
subcutis (or hypodermis), whose thickness varies by body
region [15], has optical properties mainly influenced by
water, fat cells, and hemoglobin.

2.2. Monte Carlo simulation

In Monte Carlo simulations, light is modeled as
photons, ignoring wave-like properties such as phase
change and polarization. Each photon is directed at the
air-skin interface, where it interacts with skin tissues,
scattering through layers until it is absorbed or exits as
diffuse reflection. Photon propagation is governed by
probability distributions, controlling step size and
scattering angles. This study focuses on light interactions
with wavelengths from 900 nm to 1700 nm, with details
on Monte Carlo simulation for light-skin interactions at a
specific wavelength, A.

To simulate light-skin interaction at wavelength A,
parameters for each skin layer are required: absorption
coefficient ua (cm™), scattering coefficient us (cm™),
thickness d (cm), anisotropy factor g (dimensionless),
and refractive index 7 (dimensionless). For surrounding
media, only refractive indices (1) are needed, set to 1 for
air in this study, though other media like glass can be
used. A grid of detectors measures photon absorption,
fluence, reflectance, and transmittance, logging photon
deposition in each grid element to calculate these
quantities.

Initially, the Monte Carlo simulation is configured with
three coordinate systems, as depicted in Figure 2, which
outlines the flowchart for simulating multi-layered tissue.
Each photon packet starts with an initial weight, W, set to
one, along with a defined position and propagation
direction. The photon's position is described by Cartesian
coordinates (X, y, z), and its current direction of travel is
represented by a unit vector, r. The corresponding
directional cosines are:

Ux=Te*X
Uy=T°Yy (2.2.1)
U=rez

where x, y, and z represent the unit vectors corresponding

to these axes. The photon packet commences its journey at
a predetermined angle. Upon reaching the interface
between the air and the stratum corneum, which is the
outermost layer of the skin in this model, the Fresnel effect
takes place. This phenomenon results in a part of the
photon packet being reflected away from the surface, while
the remaining portion is refracted, or bent, and continues to
transmit deeper into the skin tissue.
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Figure 2. Flowchart for Monte Carlo simulations [16]
2.3. Modified CUDAMCML simulation program

The primary advantage of the Monte Carlo simulation
method is its flexibility in modeling complex systems that
are difficult to represent deterministically. However, it is
computationally demanding due to the need to calculate
probabilities for many photons. Due to CPU processing
limitations, the simulation time was insufficient for
database generation. To improve speed, the GPU-
accelerated CUDAMCML  program utilizes the
computational power and parallel processing capabilities
of GPUs. In this study, CUDAMCML was modified to
address the limitation of normal incident light in original
MCML-based simulations by calculating specular
reflection using Fresnel’s equations.

In CUDAMCML, photon packets are launched, and
their steps are computed simultaneously across multiple
threads. To maximize GPU parallelism, a new photon is
launched immediately after the preceding one terminates.
The program was updated to handle various incident angles
and modern hardware. While both MCML and
CUDAMCML assumed perpendicular photon launch, this
study modeled photon-skin interaction using Fresnel’s
equations to account for specular reflection. When photons
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hit the skin at an angle, part of their energy is reflected due
to the differing refractive indices, while the rest penetrates.
To optimize for modern hardware, the number of blocks
increased to 80, and threads per block were raised to 288.

3. Research Hypothesis and Testing Design
3.1. Research Hypothesis

Given Monte Carlo's powerful capability to simulate
light interactions in complex multilayered media, in this
study, we assume that the Monte Carlo Multilayer Media
simulated data of diffuse reflectance of a specific type of
human skin would approximately agree with the real data
measured on a real human similar-skin type sample.

3.2. Testing Design

To verify the proposed hypothesis on the agreement
between simulated and measured data, the fast MCML
simulations (CUDAMCML) were conducted and
measured data were collected for diffuse reflectance of the
normal healthy skin condition at 03 different skin tones
(Light, Moderate, Dark), at the wavelengths between 900
nm and 1700 nm. The general framework of our system is

shown in Figure 3.
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Figure 3. The overall design of the system
3.3. Testing Setup

For the collection of real data, measurements were
taken from human skin samples representing light,
moderate, and dark skin tones. Three samples with
comparable skin conditions were gathered for each skin
tone. The specific conditions of these samples, such as
dryness or signs of aging, were carefully observed and
recorded. This information was intended for later use in

configuring the skin parameters for simulations.
The measurement locations on the body were chosen
randomly and included the inner forearms, the back of the
hands, and the cheeks. Correspondingly, for the simulation
data, skin parameters that mirrored these observed
conditions were generated for each of the light, moderate,
and dark skin tones.

3.4. Experimental setup

To gather diffuse reflectance data, the NIR-M-R2
scanning module was used, capturing readings in the
900 nm to 1700 nm range at 4 nm intervals, with
wavelength accuracy of £1nm [17]. Data was collected
from 08 Vietnamese individuals across three skin tone
categories (Light, Moderate, Dark) and three age groups
(10-29, 30-49, 50-70 years). Measurements were taken
from the inner forearms, backs of the hands, and cheeks.
Figure 4 shows these measurement areas.

The NIR-M-R2 module uses angled lamps to
illuminate the skin, collecting diffuse reflection through
a slit while minimizing specular reflections. It calculates
absorbance and diffuse reflectance based on the signal
intensity. Measurements were conducted under standard
indoor lighting, with the sapphire window gently pressed
against the skin. Photographs were taken to document
variations across the skin surface and ensure consistency.
Multiple readings were taken per area, and the average
was used as the representative value.

Figure 4. A typical spectral imaging measurement on a forearm
3.5. Simulation data collection setup

The described system is designed to simulate the
interaction between light and skin, specifically to
determine the diffuse reflectance, absorption, or
transmittance of light. This simulation covers a wavelength
range from 900 nm to 1700 nm, with increments of 4 nm.
The simulation process itself consists of two main
components: one dedicated to modeling the skin and
another for executing the simulation. The skin modeling
phase begins by defining the skin's parameters according
to the values outlined in Table I.

For each simulation, an input file is utilized. This file
specifies the optical properties for all four skin layers
across various wavelengths, the total number of photons to
be simulated, the configuration of the detection grid, and
the angle at which the photon beam strikes the skin. A
single simulation performed at one specific wavelength is
referred to as a "run." The entire simulation for a particular
skin model is considered complete once all designated
wavelengths have been processed.
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Table 1. Descriptions, symbols, units, and ranges of
parameter in the four layers

The CUDA Monte Carlo simulation generates diffuse
reflectance data across various wavelengths for a given skin
model. These models and their calculated reflectances are

o Average
Layer Description Symbol - General Value  “y,,,,0¢ compared to existing data using a similarity score, guiding
Volume fraction of . 370, 5o, refinement of both the models and the simulation program.
water [12] "s¢ ° ° In addition to simulations, skin parameters can also be
The reduced scattering 66. 7o) 66. 7o measured directly with specialized instruments, expanding
at 500nm [18] 300mmSC ) ) the comprehensive database of human skin.
Stratum 1€ ﬁactttior} Oflﬁzyleigh fRaysc 0.29 0.29 Skin models were developed by closely examining the
corneum—>c24erne [19] measured areas to reflect the conditions of the study
The scattering factor [19] bMiesc 0.689 0.689 participants. The CUDAMCML simulation program was
Anisotropy factor [20]  gsc 0.86-0.9 0,88 used to analyze the interaction between light and skin,
Thickness [10] dsc  0.0009-0.004cm 0,00245cm  €Xamining how parameters and. sklr} tones affect optl'cal
Refractive index [21] 7 15 15 propertles. The model developed in this §tudy can be apphed
- in any Monte Carlo-based simulation program, like
Voiﬁgznfﬁc[ﬁ? of ¢, 1.3-43% 22,15% CUDAMCML, by defining key parameters for each layer:
- thickness (d), anisotropy factor (g), refractive index (nSC),
VOlu‘;r;etefrr??ng of ¢ 10-20% 15% absorption coefficient (ua), and scattering coefficient (us).
: elanin content in the living epidermis determines skin
The reduced scattering 66.7cm’! 66.7cm’! Mel t ‘t th‘ living epid det . k
at 500nm [18] US s00nmLv -Jem -Jem color. To model this, we simulated three common skin tones
L,‘;‘“g The fiaction of Raylcigh encountered in Vietnamese people: lightly pigmented,
P catering [19] fRayLy 029 029 moderately pigmented, and darkly pigmented. The melanin
The scattering factor . volume fraction was adjusted to 3-4% for lightly pigmented,
[19] bMiery 0.689 0.689 4-5% for moderately pigmented, and 6-7% for darkly
Anisotropy factor [20] gy 08 08 pigmented samples. Other optical parameters were set for
- normal skin according to Table 1, which details values for
g
Thickness [13] div 0.0027-0.015cm 0,00885¢cm normal skin
Refractive index [21] NLv 1.4 1.4 .
i 4. Results and Evaluation
Ve G 02:7%  360% . . -
The captured images obtained from the measured skin
Oxygen saturation [13] S 50-95% 72,50% samples are detailed in Table II. Given the high degree of
Volume fraction of 40-90% 65% similarity observed among the three samples collected for
‘wDER - (] () « e . .
water [13] each distinct skin tone, the average diffuse reflectance data
The reduced scattering _, y N from samples of every skin tone category was selected for
500nm [18] US'500nmDER 43.6cm 43.6cm . . .
. at subsequent calculations and for comparison against the
Dermis ¢ fraction of Rayleigh Ray 041 041 simulated data.
. DER B B
scattering [19] Table 2. Captured images and diffuse reflectance results of
The scattering factor bMiene 0.2-0 562 0381 the measured skin samples
[ 1 9] Skin tone Light Moderate Dark
Anisotropy factor [20] ZoR 0.75 0.75 Samples Sample ] Sample?  Sample3 | Sample] _ Sample?  Sample3 | Sample]  Sumple2 _ Sample3
Thickness [13] dper 0.06-0.3cm 0,18cm Captured Images ' EL
x| R
Refractive index [21]  nper 1.37 1.37 =
VO]I.LI}]Q gra;tgon of . 520% 12.50% Figure 5 shows the average d1ff}1$e reflectance of the
ood [23] measured reflectances for lightly pigmented, moderately
Oxygen saturation [23] S 50-95% 72,50% pigmented, and darkly pigmented individuals. The
i obtained diffuse reflectances were standardized.
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Average diffuse reflectances of three different skin tones
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Figure 5. Average diffuse reflectance of three different skin tones
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Results showed that people with light skin have the
highest diffuse reflectances. Moderately pigmented people
have lower skin reflectances, and the lowest reflectances
are found in people with dark skin. The concentration of
melanin directly correlates to the skin tone. People with
darker skin have higher concentrations of melanin and can
absorb more light compared to lighter skin individuals, and
consequently have lower diffuse reflectance. The results
thus agree with our assumptions.

To compare simulated and measured data, we
calculated a similarity score (SS) using a modified
Facebook Artificial Intelligence Similarity Search (FAISS)
model [24]. For the 900-1700 nm wavelength range, the SS
was derived from the mean Euclidean distance, d(u, v),
between the simulated (u) and real (v) reflectance values,
as defined by the following equation [25]:

1
SS = 1+ d(u,v)

It can be seen that for the considered skin tones, the
simulated diffuse reflectances closely followed the
measured reflectances. The similarities reached 96.45% for
lightly pigmented skin, 96.4% for moderately pigmented
skin, and 96.3% for darkly pigmented skin. This
corresponds to an average discrepancy of only ~3.6%.
There are high similarities between the measured and
simulated reflectance for wavelengths between 900 and
1200 nm, and between 1400 and 1700 nm. The simulated
diffuse reflectances at wavelengths from 1200 nm to 1360
nm suffer noticeable decreases compared to the measured
reflectance. These drops are primarily caused by the
difference in the water content of the measured and
simulated samples. The water content of normal skin can
vary greatly between each individual. These results agree
with our assumptions about the effects of skin tones on the
diffuse reflectances of the skin, and our method can
accurately and correctly simulate the three skin tones:
lightly pigmented, moderately pigmented, and darkly
pigmented.

4.1)

The comparisons between measured and simulated
samples with different skin tones are illustrated in Figure 6.

Diffuse reflectances of measured and simulated samples
with different skin tones

Lightly pigmented
Similarity: 96.45%

Moderately pigmented
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Diffuse reflectances (a.u)

Darkly pigmented
Similarity: 96.3%
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Figure 6. Comparison between the diffuse reflectance of
measured and simulated samples

5. Conclusion

This research explored using Monte Carlo Multilayer
Media Simulation to create a human skin database for
diagnostic purposes. The hypothesis was validated by the
alignment of simulation results with actual
measurements. Unlike traditional, costly, and invasive
methods, non-invasive spectroscopy techniques are
favored for skin diagnosis, but their development is
limited by the lack of comprehensive skin optical
property databases. This study introduced an efficient
skin modeling technique to rapidly expand the diffuse
reflectance database.

A spectroscopy-based modeling approach was used,
with four layers: stratum corneum, living epidermis,
dermis, and subcutis, each defined by dominant
components affecting optical properties. The study found
that various skin conditions influenced these components.
Simulations were run using the CUDAMCML program,
which offered high speed and simplicity. Adjusting the
refractive index of the stratum corneum to account for
surface roughness was key.

Real-world data was collected using the NIR-M-R2
diffuse reflective module from InnoSpectra, measuring
skin from 08 Vietnamese individuals across three areas:
inner forearms, backs of hands, and cheeks. The data
expanded the existing database and helped evaluate the
modeling methodology. A similarity score showed that
simulations of lightly pigmented skin, with varying
dryness and aging, had over 96% similarity with measured
results. Dry skin and older age increased diffuse
reflectance, as did lighter skin tones. However, the skin on
the cheeks showed unexpected behavior, likely due to the
diversity in skin tones, conditions, and measurement
variations.

Despite success, the method has limitations.
CUDAMCML treats skin layers as flat structures and
doesn’t account for surface roughness or non-
perpendicular light. It also lacks broader skin tone
representation and conditions like melasma. Additionally,
the measured database is small, with only 186 samples
from 27 participants. Nevertheless, the methodology is
effective for expanding the optical properties database,
particularly for the inner forearms and backs of hands,
where skin tone, dryness, and age can be accurately
modeled.

6. Future works

The researchers plan to expand their work to include
more skin areas and a broader range of skin tones from
different regions. This expansion is vital for rapidly
growing the database of human skin's optical properties,
which is essential for developing Al-driven, non-invasive
diagnostic tools for skin conditions. This enriched database
will serve as the foundation for creating advanced,
Machine Learning-based diagnostic tools to accurately
identify various skin conditions through diffuse reflectance
analysis.
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