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Abstract

The measurement of diffuse skin reflectance spectrum has im-
portant applications, but require accurate and fast measurements.
In this study, we proposed several methods for reconstructing the
diffuse skin reflectance spectrum using several existing datasets.
These methods can reconstruct the spectrum of an area by only
capturing the images under several LED illuminations, instead of
using comprehensive systems. A comprehensive system is being
built to collect a ground-truth dataset, and also used to test the
performance of the proposed methods.

Introduction

The reflectance spectrum of skin contains important informa-
tion. Great efforts have been made to investigate how to measure
or reconstruct the skin spectrum. For example, Wang et al. [1]
used a spectroradiometer to measure the spectrum reflected from
skin under a fluorescent lighting, and also that reflected from a
reflectance standard. Hyperspectral cameras were used in [2, 3, 4]
to capture the hyperspectral images of human skin. These mea-
surements typically take tens of seconds, which is time consuming
and also introduces errors due to the unavoidable movement. In
contrast, efforts have also been made to reconstruct the spectrum
using the images captured by cameras, which can be achieved
through a mapping from low to high dimensions [5, 6] or using
neural networks [7, 8]. Some of these work considered the spec-
ular and diffuse reflections by placing polarizers to only capture
the diffuse reflection.

The reflection of skin is also of great interest in the computer
graphics community, as they care about the optical properties, in
terms of reflectance factor and directional properties, for render-
ing. Debevec et al. [9] developed a light stage system to measure
the Bidirectional Reflectance Distribution Function (BRDF) of hu-
man face, which helps to characterize the reflectance factor at an
arbitrary combination of the illumination and camera directions.
Polarizers were placed in front of the light sources and cameras to
remove the specular reflection. Ghosh et al. [10] further modi-
fied the system and proposed algorithms that iteratively isolate the
diffuse reflection from the specular reflection. Due to the storage
constraints, they are not able to quickly capture high-precision
diffuse reflection information, in terms of the spectral reflectance
distribution.

In this study, we propose a system to rapidly capture the
image of skin under several LED illumination, which can then
be used to reconstruct the spectral reflectance distribution using
a look-up-table (LUT) derived based on the biophysical model of
skin.

Method
Construction of a dataset using skin model and
derivation of the RDF

The Kubelka-Munk (K-M) model characterizes photon prop-
agation in multi-layer media through a two-flux approximation,
employing a simplified system of differential equations to char-
acterize scattering, absorption, and interlayer interactions [11,
12]. The model requires various biological parameters, including
melanin and hemoglobin volume fractions, as the inputs. Based
on several prior works (i.e., [13, 14]), we generated a dataset com-
prising 20790 spectral reflectance distributions of skin from 400 to
700 nm with an interval of 1 nm by varying the parameters of the
K-M model. Figure 1 shows the spectral reflectance distributions
of the 20790 skin samples.

Figure 1. Spectral reflectance distributions of 20790 skin samples
constructed using the K-M model.

The camera response of an illuminated sample can be ex-
pressed as:

�� =
∫

�

� (�)�(�)S� (�)��, � = �,�, � (1)

where S� (�) is the spectral sensitivity function of the camera RGB
channels, � (�) is the spectral power distribution of the illumi-
nation, and �(�) is the spectral reflectance distribution of the
illuminated surface. This can also be transformed into a matrix
format, with � discrete wavelengths:

�� = ���
� ����(��)S (2)

where �� is the �,�, � channel response of the camera, �� is a
vector for the spectral reflectance distribution, �� is a vector of the
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spectral power distribution, and S is a 𝑛 by 3 matrix representing
the camera sensitivity functions of the three channels. With this,
the responses of 𝑚 samples captured under 𝑙 illuminations can be
expressed as:

R = 𝑅ΘΦ

= 𝑅
[
𝑑𝑖𝑎𝑔(S𝑅), 𝑑𝑖𝑎𝑔(S𝐺), 𝑑𝑖𝑎𝑔(S𝐵)

] 
𝐸

𝐸

𝐸


(3)

where Θ and Φ are the spectral sensitivity functions of the camera
and the spectral power distribution of the illuminations, S𝑅 ,S𝐵,S𝐵
are the column vectors of the camera spectral sensitivity functions
S in 𝑅,𝐺, 𝐵 channel respectively. R is a 𝑚 by 3𝑙 matrix, with each
row for responses of the camera 𝑅 channel of one sample under all
the illumination, followed by the 𝐺 and 𝐵 channel responses. We
define the matrix R as the Response Distribution Function(RDF)
with variables 𝑅,𝐸,S:

R = R(𝐸, 𝑅,S) (4)

Then, for a collection of samples 𝑅𝑡𝑟 captured under a series
of illumination with the spectral power distribution 𝐸𝜌 using a
camera with the spectral sensitivity function S𝜌, we can derive the
RDF of the samples through:

R𝑡𝑟 = 𝑅𝑡𝑟Θ𝜌Φ𝜌, R𝑡𝑒 = 𝜎 ⊙ 𝑅𝑡𝑒Θ𝜌Φ𝜌 (5)

where ⊙ is the Hadamard product and 𝜎 is a 3𝑙-element scaling
vector which can be derived using a reflectance standard:

𝜎𝑖 = mean(R𝑤,𝑣,𝑖 ⊘R𝑤,𝑐,𝑖), R′
𝑡𝑒,𝑖 =

R𝑡𝑒,𝑖

𝜎𝑖

𝑖 = 𝑅,𝐺, 𝐵

(6)

where R𝑤,𝑐 is theoretical reflectance standard response and R𝑤,𝑣

is the RDF of the reflectance standard, ⊘ represents the element-
wise division. To remove the cross-talk effect, the calculations are
performed on each of the three channels individually, which can
then be used to scale the RDF of the samples through:

R′
𝑡𝑒 =

[
R′
𝑡𝑒,𝑅 ,R

′
𝑡𝑒,𝐺

,R′
𝑡𝑒,𝐵

]
(7)

Proposed method of reconstruction of skin spec-
tral reflectance

Here, we propose three methods for reconstructing the spec-
tral reflectance distribution of a test skin sample based on the
image captured by a camera.

Direct Searching Method. The most straightforward
method is through a direct search (DS), looking for the RDF value
of the samples in the dataset that is the most similar to the RDF of
the test sample. In particular, multiple illumination is needed to
reduce the possibility of metamerism. Here, we use the root mean
square error (RMSE) to calculate the similarity, with a smaller
RMSE value for a higher similarity.

𝑇 = argmin(𝑅𝑀𝑆𝐸 (R′
𝑡𝑒,R𝑡𝑟 )) (8)

where 𝑇 is the index of the sample in the dataset whose RDF is
the most similar to the test sample RDF. With the identified RDF,
the spectrum can be reconstructed:

𝑅𝑝𝑟 = 𝑅𝑡𝑒 (𝑇) (9)

2-Step Scale Unit Vector. Though the dataset constructed
using the K-M model covers a wide range of conditions by varying
the parameters, it is still possible that some skin spectral reflectance
distributions are missing due to the setting of the parameter interval
and the accuracy of the model itself. To address such a possible
weakness, we propose a two-step scale unit vector (2-StepUV)
method. Firstly, we identify the RDF of the sample in the dataset
that has the most similar shape as the RDF of the test sample,
without considering the magnitude, and then derive the scaling
factor to scale the spectral reflectance distribution of the identified
sample. The identification of the sample in the dataset that has the
most similar shape can be performed by normalizing the RDF of
the test sample and the RDFs of all the samples in the dataset:

R𝑡𝑟 ,𝑢 =
R𝑡𝑟

∥R𝑡𝑟 ∥
, R′

𝑡𝑒,𝑢 =
R′
𝑡𝑒

R′
𝑡𝑒



 (10)

where R𝑡𝑟 ,𝑢 and R′
𝑡𝑒,𝑢 represent the unit RDF of the test sample

and those of all the samples in the dataset respectively. Then the
most similar unit RDF can be identified through the calculation of
the angular error using:

𝑇𝑢 = argmin(𝑅𝑀𝑆𝐸 (R′
𝑡𝑒,𝑢,R𝑡𝑟 ,𝑢)) (11)

where 𝑇𝑢 is the index of the sample in the dataset whose unit RDF
has the smallest angular error to the unit RDF of the test sample. A
factor can then be calculated to scale the identified RDF to derive
the reconstructed spectrum of the test sample:

𝑅𝑝𝑟 = mean(R′
𝑡𝑒 ⊘R𝑡𝑟 ,𝑇𝑢 )𝑅𝑡𝑟 (𝑇𝑢) (12)

Weighting Table. The two above methods try to find the
spectral reflectance distribution in the dataset that is the most
similar to the test sample in terms of amplitude and shape, which
significantly depends on the range of the samples included in the
dataset. We propose a Weighting Table method to the RDF in
the dataset and synthesize the reconstructed spectrum of the test
sample. We start from the RDF of the samples R𝑡𝑟 in the dataset
and the scaled RDF of the test sample R′

𝑡𝑒, and the weighting table
method can be used to reconstruct the spectrum of the test sample:

𝑅𝑝𝑟 =𝑊𝑅𝑡𝑟 =

[
𝑤1 𝑤2 · · · 𝑤𝑛

] 
𝑅𝑡𝑟,1
𝑅𝑡𝑟,2
.
.
.

𝑅𝑡𝑟,𝑛


(13)

where 𝑊 is the weighting table, which is a 𝑛 dimension vector
with each element 𝑤 being the weighting factor for each sample
in the dataset. And the weighting factor can be calculated by:

𝑤′
𝑖 =

1
𝑅𝑀𝑆𝐸 (R′

𝑡𝑒,𝑖
,R𝑡𝑟 ,𝑖) + 𝛿

, 𝑖 = 1,2, . . . , 𝑛 (14)
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with

�� =
�′
�∑�

�=1 �
′
�

(15)

The weighting factors are calculated from the RMSE value be-
tween the scaled RDF of the test sample and the RDFs of the
samples in the dataset. A small value � (i.e., 1� − 3) is used to
prevent the denominator from being zero. Equation 15 is used to
rescale the weighting factor to ensure that the sum of the weighting
factors is less than one.

Experiment
We developed a system to test the proposed methods and also

to collect spectral reflectance distributions of skin samples.

System
We developed a lighting system to illuminate a skin area,

which included two lighting units. Each unit contained 10 LED
channels, with the peak wavelengths of 450 ∼ 455nm, 465 ∼
480nm, 490 ∼ 495nm, 520 ∼ 530nm, 530 ∼ 540nm, 560 ∼ 570nm,
590 ∼ 595nm, 605 ∼ 615nm, 620 ∼ 630nm and 650 ∼ 660nm. In
order to create a relative uniform illumination on the skin, a dif-
fuser was placed in front of the LED array. In addition, a polarizer
was placed in front of the diffuser, which was used to remove the
specular reflection together with the polarizer in front of the cam-
era. A FLIR BLACKFLY S chromatic camera was used to capture
the images, which uses a Sony IMX183 sensor and has a resolu-
tion of 5472× 3648 and a frame rate up to 18FPS. The spectral
sensitivity function of the camera was measured in our laboratory
using a monochromator and a spectroradiometer. The exposure
time of the camera was set to different values for capturing the
skin area and the reflectance standard, with the exposure time and
camera response validated to have a linear relationship.

Figure 2 shows the setup of the system, with the two lighting
units illuminating the surface from the direction of 45 degree and
the camera and the spectroradiometer placed to capture the surface
perpendicularly. As mentioned above, the polarizors were placed
in front of the lighting units and the camera/spectroradiometer to
remove the specular reflection.

The skin area was illuminated by the 10 LED channels se-
quentially, with the camera capturing an image under each illumi-
nation. After that, all the 10 channels were switched on together
to produce a white illumination on the skin area. The spectrora-
diometer was then used to measure the spectrum reflected from a
smaller area of the skin. Figure 3 shows the experiment proce-
dure. Capturing the images under the 10 LED illumination can be
achieved within 10 seconds.

In addition to capturing and measuring the skin area, we also
performed the same capturing and measurement on a reflectance
standard, with the data used for data analyses.

Results and Discussions
Figure 4 shows the images captured by the camera for the

skin area (i.e., an area on an Asian person’s wrist region) and the
reflectance standard. It is obviously that the images of the skin are
darker than those of the reflectance standard. And the details of the
blood vessels can be observed when the skin was illuminated under
a red illumination. The red dot is the small area where the spectral

Figure 2. Illustration of the system built by us.

Figure 3. Flow chart of the experiment procedure.

measurements were performed, which was also used as the skin
sample in the following analyses. With the pixel values extracted
from the skin images and the reflectance standard images at that
point, the errors caused by any non-uniformity can be completed
avoided. With the reflected spectra from the skin ���� and the
reflectance standard measured under the white illumination, the
ground-truth of the skin spectral reflectance distribution can be
calculated as:

��� = ���� � � ⊗ �� (16)

where ��� is the ground-truth spectral reflectance distribution
of the skin sample, � is the spectral power distribution of the
illumination, and �� is the spectral reflectance of the reflectance
standard, which was 0.99 according to the calibration certificate,
� and ⊗ are element-wise division and multiplication respectively.

Figure 4. Images of the reflectance standard and skin area under the
different illumination captured by the camera in the experiment, with
the red dot showing the pixels (i.e., sample) used in the analyses.
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With the captured images of the skin sample and the re-
flectance standard, the scalers of each channel can be calculated,
which was then used to map the RDF of the skin sample. Figure
4 shows the RDF of the skin sample and also the RDFs derived
from the constructed dataset. It is obvious that the RDF of the skin
sample is within the range of the RDFs of the dataset, suggesting
that the dataset is likely to include such a sample.

Figure 5. RDF of the skin sample collected in the experiment, and the
RDFs of the samples included in the constructed dataset

Discussion
The RDF of the skin sample was then used to reconstruct the

spectral reflectance distribution using the three proposed methods.
Figure 6 shows the reconstructed and the ground-truth spectral
reflectance distributions.

For the ground-truth spectral reflectance distribution, the
higher and lower values at the short and long wavelengths were
likely caused by the noises, since the 10 LED channels produce
little radiation at these wavelengths.

For the three proposed methods, the overall shape of the
reconstructed spectral reflectance distributions were very similar
to the ground-truth. The 2-StepUV method produced lower val-
ues between 650 ∼ 700 nm, but it can produce the most similar
’W’ shape and magnitude between 520 and 600 nm, which is the
most critical wavelength region for the spectral reflectance dis-
tribution of skin. In contrast, the weighting table method can
produce a similar shape, but the amplitude is a little lower. To nu-
merically characterize the performance of the three methods, we
calculated the RMSE and Goodness-of-Fit Coefficient (GFC) and
the CIELAB and MLAB [15] color difference using the recon-
structed and ground-truth spectral reflectance distributions, with
Table 1 summarizing the values of these characterizations.

GFC characterizes the similarity between two vectors:

��� =
�̂�����̂� �̂
�������

�� (17)

where �̂ is the reconstructed spectral reflectance distribution and
� is the ground-truth spectral reflectance distribution. The MLAB
colour space is proposed by DU et al. [15], which is a modified
version of the CIELAB colour space for better characterize the
perceived color difference. It can be observed that the three meth-
ods all had good performance, especially in terms of the color

Figure 6. Reconstructed spectral reflectance distribution of the skin
sample labelled in Figure 4 using the three proposed methods and its
ground-truth, with a close-up of the wavelength region between 520 and
600 nm

differences. Among the three methods, the DS method was found
to have slightly better performance. It is worthwhile to point out
that the calculations were performed using the ground-truth spec-
tral reflectance distribution shown in Figure 6, which is believed
to have discrepancies at the two ends, so the actual performance
of these methods should be better. This also suggests the ne-
cessity to collect more accurate ground-truth spectral reflectance
distribution.

Table 1 Summary of values characterizing the performance of
the three proposed methods.

Method RMSE GFC% ���� �����

DS 0.0346 99.48 2.21 1.28

2-StepUV 0.0387 99.42 2.88 1.69

WT 0.0353 99.47 1.99 1.41

We then picked five locations on the skin area, as shown
in Figure 7, and used the proposed DS method to reconstruct
the spectral reflectance distributions. It can be observed that the
reconstructed spectra were very similar, in terms of the magnitude,
with the estimated melanin concentration being similar. There is
also a variation between 500 and 600 nm, which is caused by the
estimated blood and hemoglobin concentration.

With the results of a single point and five points, we further
expanded the analyses to an area of 320×380 pixels, as shown in
Figure 8. The selected area is in the center of the captured skin
area. All the reconstructed spectral reflectance distributions share
a similar shape, but different magnitudes. This was likely due
to the non-uniform reflection caused by the non-flat skin surface,
suggesting the importance of the skin texture [2]. It took around
2.8 ms to reconstruct one spectral reflectance distribution using a
PC with 12GEN @Intel 20 cores 2.10 GHz CPU and 32GB RAM,
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Figure 7. Results of the reconstruction on five skin samples using the
DS method. (a) Selected samples on the reflectance standard; (b) se-
lected samples on the skin area; (c) reconstructed spectral reflectance
distributions with the estimated skin characteristics.

with a total of around 6 minutes to reconstruct all the pixels in the
selected region.

All the results and analyses suggest the effectiveness of us-
ing the proposed method to reconstruct the spectral reflectance
distributions of skin based on the images captured under several
LED illumination. We are making efforts to identify the optimal
LEDs for reduce the time of capturing and further improve the ac-
curacy, and also to measure the ground-truth spectral reflectance
distribution with a higher accuracy.

Figure 8. Results of the reconstruction of a region using the DS
method.

Conclusion
In this paper, we constructed a dataset of skin spectral re-

flectance distribution. We developed a system using 10-channel
LED devices and cameras to capture images of skin area, and
proposed three methods to reconstruct the spectral reflectance
distribution using the captured images. The results suggest the
effectiveness of the proposed methods, which can be used for a
single location or an area. The results also suggested the neces-
sity to further investigate the optimal LED channels to improve
the performance of the reconstruction and how to measure the
ground-truth of skin spectral reflectance distribution with a higher
accuracy.
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