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Figure 1: Our model estimates the biophysical skin properties from a single RGB diffuse reflectance with baked occlusion, allowing de-
occlusion, and spectral upsampling in both the visible and near infrared (NIR) spectra. a) Input diffuse reflectance captured in Lightstage.
b-d) Reconstruction (absolute error as inset) in the visible (b) and near-infrared range (d), as the product of the reconstructed skin reflectance
(c) and recovered occlusion (c inset). These are computed from the estimated biophysical parameters, namely: e) melanin concentration, f)
hemoglobin (blood) concentration , g) blood oxygenation, h) eumelanin/pheomelanin ratio, and i) epidermal thickness (in um).

Abstract

We present a method for estimating the main properties of human skin, leveraging a hyperspectral dataset of skin tones synthet-
ically generated through a biophysical layered skin model and Monte Carlo light transport simulations. Our approach learns
the mapping between the skin parameters and diffuse skin reflectance in such space through an encoder-decoder network. We
assess the performance of RGB and spectral reflectance up to 1 um, allowing the model to retrieve visible and near-infrared.
Instead of restricting the parameters to values in the ranges reported in medical literature, we allow the model to exceed such
ranges to gain expressiveness to recover outliers like beard, eyebrows, rushes and other imperfections. The continuity of our
albedo space allows to recover smooth textures of skin properties, enabling reflectance manipulations by meaningful edits of
the skin properties. The space is robust under different illumination conditions, and presents high spectral similarity with the
current largest datasets of spectral measurements of real human skin while expanding its gamut.

CCS Concepts

» Computing methodologies — Reflectance modeling; Reconstruction;

1. Introduction

The appearance of skin is the result of the interaction of light with
the tissues forming the skin. Accurately modeling it requires ac-
counting for its different layers, as well as the absorbers and scat-
terers inside the tissue. It is the combination of these parameters
that gives skin its color.
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Given the importance of virtual humans in computer graphics
and vision, several models have been proposed for modeling the
skin at various levels of realism. The most precise ones have been
derived from the biophysical composition of the skin [DJ06; KB04;
BK10; CBKM15; IAJG15], mapping between the biophysical pa-
rameters describing the composition and structure of the skin and
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optical parameters governing light transport inside the skin, which
is ultimately responsible of the diffuse reflectance of skin.

Unfortunately, authoring these biophysical models is challeng-
ing, and extracting them from non-invasive measurements is of
great interest beyond computer graphics for gaining a deeper
understanding on the structure and composition of skin sam-
ples. This has led to several inverse methods for reconstructing
such parameters from photographs, leveraging biophysical con-
straints. However, these models either require hyperspectral cap-
tures [GAS*19; ZDP*19; GGD*20; GGR*21], or impose severe
simplifications [AS17].

In this paper, we present a robust method for extracting the bio-
physical parameters describing the appearance of human skin from
RGB images of the diffuse reflectance. Our method builds upon
a hyperspectral space of human skin reflectance, obtained from
Monte Carlo simulations on a biophysically-based model of hu-
man skin. We extensively validate our biophysical space on existing
databases, presenting high spectral similarity with current existing
databases.

Based on our space of human skin reflectance, we develop
an inverse mapping between RGB measurements, the biophys-
ical parameters describing the skin, and a spectrally-upsampled
skin albedo. We derive this mapping using a supervised encoder-
decoder neural network, where the encoder moves from RGB skin
reflectance to biophysical parameters, and the decoder translates
the latter to spectral reflectance. Our method is robust, accounts for
the overdarkening due to occlusion which previous models infer as
higher concentration of melanin, and produces biophysical concen-
tration maps that roughly agree with medical literature.

We demonstrate our approach on a variety of skin tones recon-
structing the skin reflectance with minimal error. While our goal
is not to obtain in-vivo accurate measurements for medical imag-
ing, we still provide the most complete biophysical inversion model
up-to-date, which can be directly used for rendering photorealistic
virtual humans (see Figure 11 and Supplementary), and enabling
realistic biophysically-inspired editing of human skin such as tan-
ning and blushing. In addition, we are confident that our methodol-
ogy opens the door for future non-invasive, in-vivo measurements
of skin melanin concentration or hemoglobin oxygenation, from
low-cost off-the-shelf measurement devices.

In summary, our contributions are:

e An expressive space of spectral skin reflectance constrained by
biophysical parameters of skin, that agrees with measurements
reported in tissue optics and medical research.

e A learned inverse mapping from RGB skin reflectance to bio-
physical skin properties, that allows recovery of high-resolution
spatially-varying maps of skin properties, that allow expressive
biophysically-motivated edits on the skin reflectance.

e A learned forward mapping between biophysical skin parame-
ters and hyperspectral skin reflectance in both the visible and the
near-infrared (NIR) regimes. Together with the inverse RGB-to-
parameters mapping, this allow us to perform spectral upsam-

pling of the reflectance of the skin levaraging the gamut space of
human skin.

2. Related Work

Accurately capturing and modeling the appearance of human skin
has been a very active area of research for decades. Here we focus
on appearance modeling and reconstruction, and refer to a num-
ber of extensive surveys for a broader perspective on human mod-
eling [INNO7; NMM*19], face appearance capture [KRP*15], or
capture of translucent materials in general [FIM*20].

Biophysical skin models Beyond the typical approach in VFX of
using a diffuse albedo texture for modeling the skin reflectance,
a number of models have been proposed to relate the appear-
ance of human skin with its biophysical structure and composi-
tion. [THMO99; TOS*03] proposed a simple model accounting for
the distribution of melanin and hemoglobin. Later, more advanced
models accounting for the multilayer nature of skin, as well as more
comprehensive list of chromophores have been proposed [DJ06;
CBKM15; IAJG15; KB0O4; BK10], as well as dynamic models that
model the temporal change of the skin coloration from in-vivo mea-
surements of melanin and hemoglobin concentrations [JSB*10].
Our work builds upon these models, and extend them to model a
wider range of skins, to create our space for skin reflectance.

Skin capture Since early efforts to acquire the skin
BRDF [MWL*99], several approaches have considered skin
appearance capture as a spatially-varying diffuse albedo and
specular reflectance reconstruction from carefully controlled
setups [MHP*07; GHP*08; GFT*11; GTB*13], including dy-
namic [GRB*18] and single-shot captures [RGB*20]. We leverage
the data from these works, and extract biophysical parameters
from the diffuse reflectance. With the same goal as our work,
several authors have focused on retrieving the biophysical structure
and components of the skin from measurements of the diffuse
reflectance of skin, either based on RGB [DWd*08] or hyper-
spectral images [GAS*19; GGR*21; ZDP*19]. Closest to our
solution, [GGD*20] reconstructs spectral skin properties based
on a simplified skin model [JSB*10; DJO6] through a novel mea-
surement system, benefiting from narrow-band LEDs. Our work
reconstructs the skin biophysical parameters from single-image
RGB measurements of the diffuse reflectance of the skin, based
on a carefully validated space generated from Monte Carlo simu-
lations. In addition, thanks to our encoder-decoder reconstruction
architecture, we are able to recover smooth spatially-varying maps
of the skin parameters, that qualitatively match the observations
from medical literature.

Spectral upsampling Since the development of the gamut of
valid reflectance [Mac35b], there has been a number of works
attempting to solve the ill-posed inverse problem of obtaining
spectral reflectance data from RGB measurements, using pre-
tabulated box-based values for obtaining a discrete approximation
of the reflectance spectrum [Mac35a; Smi99], optimizing contin-
uous parametric functions [MSHD15; JH19], using Fourier mo-
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ments [TWFE21], or via clustered PCA [OYHI18]. Our model up-
samples a continuous spectral reflectance function of the skin in
both the visible and near-infrared spectrum, by leveraging the re-
duced gamut of skin reflectances.

3. A Biophysically-Based Space for Skin Reflectance

In order to develop our inverse and forward mappings from skin re-
flectance to biophysical parameters, we first build a space for such
skin reflectance that is comprehensive enough to cover most skin
conditions. Unfortunately, capturing the wide variety of skin tones
is challenging given the large number of needed subjects, and, even
with a complete space, we would still lack the biophysical struc-
tural parameters of each skin type.

Instead, we build our space from synthetic data, by using Monte
Carlo simulations on a virtual replica of human skin, under a wide
variety of relevant biophysical parameters. In the following, we de-
scribe the skin model used for building our space, and detail our
simulations. Later in Section 4, we demonstrate that our space cor-
relates with existing measured spaces, and analyze its properties.

3.1. Human skin model

Human skin is a multilayered tissue of roughly parallel layers, each
of them with different concentrations of chromophores (absorbers
that give the skin its color) as well as slightly different indices or re-
fraction. Unfortunately, explicitly modeling such complexity, even
stochastically using radiative transfer theory, is not only too expen-
sive in terms of computation, but also results into an unmanageable
parameter space.

We decided to restrict our model to two layers; epidermis and
dermis, since a similar assumption has proven to be adequate in the
past [MMO2] and since it fits our purpose. The epidermis is com-
posed of two parts: the stratum corneum and the living epidermis.
The former is the outermost layer, and has minimal effect on the
skin diffuse reflectance given its low absorption and thickness (5
and 20 um depending on the body location [CSLM19]). Thus, we
focus only on the later layer, with parametrizable thickness 7.

The dermis is composed by two sub-layers: the reticular der-
mis and the papillary dermis. Previous works [DWd*08] shown
that these can be safely simplified as a single layer, with aver-
age scattering and absorption parameters. We model it as a semi-
infinite medium, omitting sub-dermal tissues (fat, cartilague, mus-
cles), which are heavily dependent on the anatomical location of
the subject. Also, we empirically found that including the dermal
thickness has minimal effect on the diffuse reflectance.

We assume that both layers have an index of refraction (IOR)
of 1.4, resulting from the weighted sum of the correspond-
ing sub-layers. While this is not completely accurate, it allows
to remove the interface between the two layers, and the ef-
fect of accurately considering the exact IOR is known to be
marginal [LWCI12]. Following previous well-established models
from tissue optics [Jac13], we use the classic radiative transfer
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equation, and treat each layer as an homogeneous medium defined
by its spectral absorption () and scattering (us) coefficients. We
do not account for spatial [WVH17; JAG18] or angular correla-
tion [JAM*10] between scatterers, since there is no measured data
of non-stationary particles distributions in human tissue.

Absorption The absorption of each layer yg, is the result of the
additive contribution of each chromophore absorption g, present
in each layer:

Vepcec

Ma; = fa, = M

CZC,‘ CZC,' We
where C; is the set of chromophores contained in the layer i; V. is
the volume fraction of the substance containing the chromophore
¢; pe is the concentration in g/L; €. is the molar extinction of the
chromophore; and we is its molar weight (Table 3 in Appendix A).

Similar to previous approaches [KBO04; IAJG15; CBKMIS;
DJ06], we include the effect of melanin, determined by the
melanosomes volume fraction Vj,;, containing the two types of
melanin (eumelanin y,,, and pheomelanin uq,,) in the epider-
mis, governed by the melanin type ratio ju, which greatly varies
through skin type. We also incorporate the hemoglobin present in
blood V}, in the dermis: oxygenated hemoglobin g, , responsible
for the saturated reddish tint, and deoxygenated hemoglobin g, ,
responsible for a desaturated purple color; j, being the hemoglobin
type ratio. Other chromophores included by the model are the beta-
carotene Ug, . in both epidermis and dermis, and bilirubin gy,
in the dermis, contained in blood. Additionally, we also include
a baseline of skin absorption g,,, = 7.84x10% I 3233 [5ai92] al-
ready employed in previous models.

As aresult, the total spectral absorption for epidermis and dermis
are defined respectively as

Ma, =V Impao, (V= Fm)ptay, + (1 =Vin) pay .+ Hape
Uag =V Jnttay, + (1= I p)lape, + Hayy +la, .+ (1 = Vi), -

Scattering For modeling the scattering in both the epidermis
and dermis, we use the reduced wavelength-dependent scatter-
ing coefficient p‘j, computed according to the fit introduced by
Jacques [Jac13], which is generic for a wide range of human tis-
sues:

L]
bu

4
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;

where the wavelength I is normalized by a reference wavelength
I, =500 nm, the scaling factor a = ,ug( 1,), fr is the relative contri-
bution of Rayleigh scattering, and by, characterizes the wavelength
dependence of Mie scattering. We set a = 36.4, fr =0.48, and bys =
0.22 following the coefficients reported in the optics literature for
human skin [BGT11], We model the scattering phase function us-
ing the standard Henyey-Greenstein phase function, parameterized
by a spectrally resolved anisotropy factor g(1) as [VISS89]

g(N=0.62+1029-10 > 3)

Both epidermis and dermis share the same anisotropy.
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Parameter  Description Epidermis  Dermis

Vm Melanin Volume Fraction [0.001,1] -

Vo Blood Volume Fraction - [0.001, 1]
t Thickness jim] [10, 350] 2100

im Ratio of melanin types [0.001,1] -

in Ratio of hemoglobin types - [0.001, 1]

Table 1: Parameters of our ve-dimensional space for skin re-  Figure 2: Matrices of resulting skin re ectance as a function of

ectance, including their ranges. For the full list of biophysical  mejanin and blood volume fraction (x and y axis), with ¥

parameters and constants used in our model, we refer to Table 3[0:1;431% and \j 2 [0:1;30]%, for different epidermal thickness,

in the Appendix. melanin type ratio and blood oxygenation; note that these parame-
ters signi cantly affect the appearance of the skin.

3.2. Parametrizing the space

) . .. 4. Analysis of our Re ectance Space
We create our re ectance space by varying the skin properties in

the ranges listed in Table 1, leading to a ve-dimensional space To evaluate the spectral accuracy and colorimetric coverage of our
de ned by the four main chromophores in epidermis and dermis hyperspectral representations, we compare our reconstructed skin
(eu- and pheomelanin in the epidermis, and oxy- and deoxygenatedre ectances against the Leeds skin spectral dataset [XYZ*17]. The
hemoglobin in the dermis), and the epidermal thickness, which | eeds dataset is the most comprehensive skin data, which was
proved to be critical for parameter estimation [ZDP*19]. Other pa- collected from over 1000 subjects across four different ethnicities
rameters like bilirubin anéh-carotene concentrations remain xed  (Caucasian, Chinese, Kurdish, and Thai), and spectrophotometric
to common values of human skin measurements found in literature measurements were done on different body locations not including
(see Table 3 in Appendix A). faces (forehead, cheek, inner arm, and back of hand). Note that in
) ) ) . the Leeds dataset, the measurement device, spectrophotometer, was
Accounting for the epidermal thickness over the face, along with used with the specular included mode, which may have small in-
varying values in melanin concentrations, help us achieve local .,hgjstencies with our diffuse re ectances. Also ideally, we would
dark zones, such as moles, and generalize over any skin type. Wejie to compare our reconstructed skin textures against the hyper-

also allow melanin and hemoglobin to go beyond the usual values gpeira) captures of the same subjects using image color/spectral
for human adults measured in the literature [VIMO0Z2], in order 0 ifterence [LU14], which we consider as future work.

automatically handle outliers found in the face, such as the lips,

which exhibit very thin epidermis and higher blood concentration,

or other cases like underlying veins and capillary veins, or areas 4 1. skin diffuse re ectance gamut

with abnormal melanin concentration like freckles or spots. This

range expansion is also reasonable for the oxygenation level, sinceln terms of skin color gamut, Figure 3 shows the CIELAB (un-

it can vary a lot depending on the physical state of the person, andder CIE D65 and 1931 2-degree standard observer) distributions
for the melanin type ratio, where there is little agreement in the of our skin spectra versus the Leeds skin spectra. The bottom row
available measured data. in Figure 3 shows the projection planeaf b representing the
chromaticity in CIELAB space, and the top row shows the plane
ofL b including the lightness dimension. From the overlapped
contour comparisons in the right column, our spectra clearly have a
more comprehensive coverage in those dimensions, meaning our
hyperspectral manifold has a better diversity synthesizing more
skin conditions, which may be limited by the subject population

The nal 5D parameter space is sampled as follows: melanin
and hemoglobin are selected cubic%) and quarticly ¢ V) re-
spectively, to better adjust to their non-linear effect on re ectance,
while epidermal thickness, melanin type ratio and hemoglobin type
ratio all are uniformly sampled. Example slices of the resulting

space are shown in Figure 2.

3.3. Computing the diffuse re ectance

We compute the diffuse re ectance of a skin patch by using brute-

and the point-based measurements in the Leeds dataset.

4.2. Spectral similarity validation

Colorimetric comparisons ensure that our spectral manifold is rep-

force Monte Carlo random walks inside the skin. We also consid- resentative and diverse under the given viewing condition (D65 &
ered using the Kubelka-Munk model [AS17], but found it inaccu- 2-deg observer). Here we directly compare the spectral similarity
rate (see Section 3 of the Supplemental). For each skin type, weand the color mismatch when the spectra are viewed across dif-
run a monochromatic simulations for wavelengths between 380 andferent lighting conditions, i.e., illumination metamerism [Ber19].
1000 nm, at steps of 2 nm, an increment we found suf cient for Illumination metamerism refers to the phenomenon where one pair
avoiding spectral aliasing. We sample one million random walks of spectra match in color under a given illumination (e.g., D65)
per wavelength and skin tone, with initial directions randomly cho- but have color mismatches under another illumination (e.g., incan-
sen from a cosine-weighted distribution centered at the inverse nor-descent light). In Figure 4, the black lines in each sub gure corre-
mal at the boundary of the skin, in agreement with what we later spond to 16 representative skin spectra from the Leeds dataset, from
use at rendering time (Section 6). dark to light skin (left to right, up to down). For each Leeds skin
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