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Abstract

This work presents an experimental validation of a physics-based inverse rendering method
for determining the reduced scattering and absorption coefficients of turbid materials in
arbitrary shape from a single image per wavelength. Based on our previously published
theoretical inverse rendering framework, we constructed and experimentally characterised
a wavelength-selective measurement setup to realise and validate the method under real ac-
quisition conditions. By accurately modelling the spectral behaviour and angle-dependent
transmission of the employed bandpass filters, we ensured a close correspondence between
captured and simulated reflectance. The method was evaluated on three silicone mate-
rials, beginning with simple cube geometries and later extending to a complex Einstein
bust. Relative to integrating-sphere reference data, the recovered optical properties exhibit
maximum absolute errors of approximately 4-10% for reduced scattering and 5-10% for
absorption for the cubes, and 16-19% and 16-22%, respectively, for the bust. Forward
renderings based on the recovered coefficients achieve CIE AEjyy values below 1 for the
cube and below 2 for the complex geometry when compared with photographs. Addition-
ally, we demonstrated that the approach can be applied using a common commercially
available RGB camera, recovering optical parameters from each RGB channel, albeit with
increased errors due to the camera’s broad spectral channels. Overall, our method enables
the recovery of optical properties and the creation of accurate digital twins for objects of
arbitrary shape using comparatively simple hardware, including common commercially
available RGB cameras. This broadens its applicability to practical scenarios such as process
monitoring and digital twinning when appearance, rather than precise material parameters,
is the primary focus.

Keywords: physics-based rendering; determination of optical properties; inverse rendering;
Monte Carlo simulation; RTE

1. Introduction

The perceived colour of an object arises from a combination of its intrinsic optical
properties, geometric form, and the illumination conditions under which it is viewed. Accu-
rately rendering such materials using optical property-based models [1,2] requires precise
determination of the fundamental parameters of the radiative transfer equation (RTE) [3]:
the absorption coefficient ,, the scattering coefficient (5, the refractive index n, and the
scattering phase function, which is commonly characterised by the anisotropy factor g [4].
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Techniques for determining absorption and reduced scattering coefficients, p; = ps(1 —g),
include integrating-sphere measurements [5,6] and goniometric methods [7]. Although
these approaches offer high measurement accuracy, they often impose stringent require-
ments on sample preparation. For example, the integrating-sphere method [6,8-11] typi-
cally necessitates multiple plane-parallel samples of varying thicknesses for characterising
materials having spectrally strongly different optical properties. Comparable preparation
demands and reliance on specialised equipment likewise limit the applicability of other
traditional techniques [12,13].

Previously, in [14], the optimisation strategy, filtered detection model, and conver-
gence behaviour of an alternative approach for determining the scattering and absorption
coefficients were analysed under simulated conditions. The present work translates the
theoretical formulation into a physically realised measurement setup and aims to validate
its performance experimentally. This approach requires only a single image per examined
wavelength to recover both the reduced scattering and absorption coefficients. Furthermore,
in contrast to other methods, if the object’s geometry is known, neither further sample
preparation nor a certain shape of the sample, e.g., thin slabs, are required. The method is
based on a Graphics Processing Unit (GPU)-accelerated, fully physics-based, tetrahedral
rendering framework [1], in which light propagation through turbid media is accurately
modelled by numerically solving the radiative transfer equation (RTE) [3]. Our framework
allows us to precisely compute the different influences of scattering and absorption coef-
ficients on the reflectance, especially on edge effects and translucency. This is the most
important feature of our method as it allows us to separate the contributions and optimise
both coefficients from one image at the same time, using a Levenberg—-Marquardt (LM)
algorithm [15].

In [14], we discussed previous related works in detail. Thus, only a brief summary is
provided here. Several studies have investigated inverse approaches for recovering optical
properties [16,17]. These include methods based on single-scattering models [18,19] as well
as those derived from the diffusion equation [20,21]. Other related works that use more
complex light transport models, like Pranovich et al. [22], analysed thin sample slabs using
spectrometer measurements, while Elek et al. [23,24] employed a similar thin-slab configu-
ration combined with camera-based reflectance acquisition across the three colour channels
to characterise a set of 3D printing inks. Iser et al. [25] extended this concept to enable
spectral resolution and further refined their approach in [26], where the recovered optical
properties were compared with our previously reported measurements [2], demonstrating
good agreement. Gkioulekas et al. [27] utilised a hyperspectral imaging setup to capture
both reflectance and transmittance data, thereby recovering optical properties across three
spectral channels. Chen et al. [28] demonstrated that comparable results can be achieved
using ordinary RGB images, although their method requires at least three input images.
Closely related work by Deng et al. [29] further recovers both geometry and appearance
of complex objects through an inverse bidirectional scattering—surface reflectance distri-
bution function formulation. Depending on the specific scene configuration and material
characteristics, additional inverse approaches have been presented in other studies [30-32].

In this work, we experimentally realise and validate the previously proposed inverse
rendering framework [14] by constructing and characterising a dedicated measurement
setup and used it to measure several optical phantoms [33], first in a simple cube shape
and then with more complex geometry, to recover their reduced scattering and absorption
coefficients. As proposed, we built a detection setup that uses a set of bandpass filters
to detect a defined wavelength range with the camera. This input data then allowed us,
for each filter, to recover the pair of coefficients that best matched the optical properties
required to reproduce the recorded reflectance. To achieve this, we fully characterised
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the spectral behaviour of the camera and the set of narrow-band optical bandpass filters.
Furthermore, we incorporated the dependency of the filters on the angle of incidence (AQI)
of the incoming light and the resulting variation in transmission loss. This allowed us to
characterise the detection setup sufficiently well to achieve a good match between our sim-
ulation and the captured images. Forward renderings with the obtained optical properties
were then computed, and their CIE AEygo colour difference [34] to the original camera
images was evaluated. The CIE AEjyy metric [34] quantifies the perceptual difference
between two colours within the approximately perceptually uniform CIE L*a*b* colour
space, incorporating corrections to better align numerical differences with human visual
perception. Smaller values indicate closer visual agreement, and differences below approxi-
mately 2 are typically regarded as visually minor and near the threshold of perceptibility
for most observers under standard conditions. Lastly, as described in [14], we used RGB
camera images as input data. From a single RGB image, we extracted the coefficient pairs
for the three wavelengths associated with the three colour channels.

2. Materials and Methods

In this section, we briefly revise the theory and the assumptions made in [14]. This
includes the Monte Carlo (MC) algorithm used to render light transport, the LM fitting
algorithm, and the characterisation of the used camera and filters. We then explain in
more detail the experimental setup used to capture the images that served as reference for
this study.

2.1. Light Transport Modelling via Monte Carlo Simulation

A GPU accelerated MC simulation was used to model physics-based light transport
through turbid media as a numerical solution of the RTE. Within this MC framework,
light propagation is represented by individual energy packets, referred to as photons,
which are traced through the medium under variable lighting and viewing conditions.
This in-house developed software is implemented in OpenCL [35] to enable execution on
multiple GPUs. The simulations are controlled via a Python python312 interface, which
launches independent OpenCL kernels on each GPU. All eight NVIDIA A10 GPUs (NVIDIA
Corporation, Santa Clara, CA, USA; NVIDIA A10 GPU, 24 GB GDDR6 VRAM) used in this
study are installed within the same server. Since the Monte Carlo photon simulations are
statistically independent, no inter-GPU communication is required. Photon batches are
distributed across devices and the resulting statistics are aggregated after kernel execution.
The optical properties of the observed medium, namely the scattering and absorption
coefficients, the refractive index, and the scattering phase function, fully describe it in the
context of the RTE. In this case, the Henyey-Greenstein phase function [4], characterised by
the anisotropy factor, was chosen as the scattering phase function. Interactions between
media with different refractive indices were handled using the Fresnel equations [36].
The simulation computes the light transport through a tetrahedron-based 3D scene that
incorporates the geometry of the objects and their material distribution. To improve
computational efficiency, backward photon tracing from the detector to the light source
was employed. Photon weights were reduced after each scattering event, and photons
were terminated once their weight dropped below a predefined threshold. Additionally,
a maximum number of scattering events per photon was imposed. As demonstrated
in [1,2], this approach produces rendered images exhibiting good agreement with actual
photographs, quantified using the CIE AEjgg colour difference metric [34]. A more detailed
description and previous applications can be found in [1,2,14].
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2.2. Parameter Recovery via Levenberg—Marquardt Fitting

The inverse optimisation procedure employed in this work is identical to the LM—-based
framework introduced and analysed in detail in [14]. No modifications to the optimisation
strategy, cost function formulation, or convergence criteria were made. For completeness,
the main steps of the procedure are summarised below. Using the MC simulation, we can
inversely recover the scattering and absorption coefficients from a single image as follows.
Through the MC simulation, we obtain detailed information on the light transport from the
source, through the object, to the detector. We then vary the optical properties in question to
match the recorded image within the context of an LM algorithm. As described previously,
we used the gradient-based framework provided by [15]. The optimisation minimises the
root-mean-square error between simulated and measured reflectance values. To improve
computational performance, we employed scaling relations in our simulations [37,38] to
compute the required gradients. In each iteration of the LM algorithm, between 10° and
5 x 10° photons were simulated. Depending on the geometric complexity of the object, this
resulted in computation times ranging from 30's to 150 s using a setup with eight NVIDIA
A10 GPUs. As previously mentioned in [14], the initial parameter choice was handled by
first performing a pre-fit with arbitrary starting values of j; = 0.5mm~! and p, = 1mm™!
to rapidly explore the parameter space and identify a region close to the optimum. The
final fit was then initialised in this region using more conservative settings to ensure stable
convergence, with an average of approximately 30 iterations performed. With this robust
inverse method, the best-fit results return the scattering and absorption coefficients of the
examined medium from one image at a defined wavelength. Repeating this method then
allowed us to recover the spectrum of the optical properties.

2.3. Characterisation of the Camera and the Filters

We required precise information on the camera’s sensitivity, especially when paired
with the filters used in this study. To measure the camera’s spectral sensitivity, we employed
a setup in which a monochromator illuminated an integrating sphere, whose port was
then imaged by the camera. Simultaneously, the power at the port was measured with a
photodiode. From the photographs of the port, we extracted the detected intensity, which, in
relation to the photodiode measurements, allowed us to compute the camera’s wavelength-
dependent sensitivity. These measurements were performed covering the wavelength
range of 380 nm to 720 nm with 1 nm increments. The resulting curve of the unobstructed
camera is shown in Figure 1. The same measurement was then performed with the filters
placed in the light path before the camera, and the measurement was repeated for each
filter. The resulting sensitivity curves, one per filter, are also shown in Figure 1, displayed
together but clearly distinguishable by the locations of their prominent sensitivity peaks at
the filters’ centre wavelengths.

Next, we examined the transmission characteristics of the filters in more detail. Since
the transmission loss is influenced by the AOI, and since we capture a fixed field of view
(FOV) through the filters, we expected varying transmission values across the FOV. The
manufacturer of the filters provided measurements of the transmission, Ty (A;,0;), as a
function of wavelength and AQI for each filter from 350 nm to 750 nm with an angular
resolution of 1°. For each filter, we extracted the maximum transmission via

TAO(Gj) = mlax Ty, (A, 0:), 1)
where A is the central wavelength of the filter, and 6, is the AOL Next, we mapped the

per-angle transmission loss onto the angular distribution of the camera’s FOV. For a pinhole
camera model, this mapping is well defined. Using the distance from the detector to the
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pinhole, d,, and a pixel pitch of py, the physical coordinates x; and y; of pixel p(k,[) are
given by
xp = (k—cx) px, yi= (- Cy) Px, (2)

where ¢y and ¢y are the coordinates of the FOV centre. The AOI-per-pixel mapping
then reads

O (dp) = arctan(;kl), 3)

P

where we have used the radial distance of the pixel to the middle of the FOV, ry; = 4/ x,% + ylz.
In this work, the camera had the following specifications: d, = 25mm, p, = 0.0586 mm,
and detector pixel dimensions of 7, = 1920 px and 1, = 1200 px. With this information, we
computed the per-pixel transmission loss map M, (k,[), shown in Figure 2, in the camera’s
FOV for each filter via

My, (k1) = Ty, (8 (dp)), 4)

where we additionally quantify the overall magnitude of each map’s correction via the
mean p of the transmission loss and its standard deviation ¢, shown in the individual titles
of the maps in Figure 2. Since the transmission values remain above approximately 0.94 for
all wavelengths, the per-pixel correction amplifies measurement noise by less than about
6% in the worst case.
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Figure 1. Measured normalised spectral intensity distribution of the light source L(A) (green), the
spectral sensitivity of the camera without a filter C(A) (blue), and the spectral sensitivity of the
camera combined with the filters F) (1) (orange), shown as a composite curve. Each individual filter
produced a curve with a defining peak at the filter’s centre wavelength, which was then normalised
by the maximum value of the 550 nm filter.

The filter-corrected image data I .o, (k, I) was obtained by applying these maps to
the captured images by computing

I) (k/ Z)
I k1) =2, 5
corr,Ag ( ) M/\o (k, l) ( )
where I (k, ) is the captured image data of the (k, I)th pixel with the filter specified by A,
which models the filters used in our setup and improves the match between simulation
and photograph. The ringed pattern observed in the transmission loss maps is consistent
with the angle-dependent centre wavelength blue shift inherent in thin-film interference
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bandpass filters. As the angle of incidence varies across the field of view, the effective
bandpass shifts relative to the illumination wavelength, producing concentric regions of
slightly increased and decreased transmission.

Ao =450 nm Ao =500 nm Ao =550 nm
0 {=0.9641 0=5.16x 10" 1=0.9466 0=3.54x1073 u=0.9870 0=7.93x10°*

0.99

0.98
5
o}
0.975
12}
Ao =600 nm Ao =650 nm Ao =700 nm <
u=0.9738 0=1.84x10" u=0.9754 0=4.53x10"3 u=0.9926 0=9.07x10~* 096'5
e

0.95

0.94

0 479 950 1439 1019 0 479 959 1439 1919 0 479 959 1439 1919
X pixel X pixel x pixel
Figure 2. Per-pixel filter transmission loss maps of the six filters used in our measurement setup,
with the correction factors displayed on a global colour scale. Additionally, in the title of each map
the mean p and the standard deviation ¢ is shown. Each pixel in the camera’s FOV is corrected using
the corresponding filter employed during measurement to quantify the transmission loss for varying
AOI of the incoming light.

2.4. Setup of the Photobox and Filtered Camera

To record the necessary reference images for this study, we used the filtered camera
setup inside a photobox. Firstly, we describe the photobox, schematically shown in Figure 3.

Figure 3. Schematic representation of the experimental setup used in this work. The green spot marks
the position of the camera’s aperture (C), defined by the spherical coordinates (dc, 9¢c, ¢c). The blue
spot marks the position of the centre of the light source (L) with its spherical coordinates (d;, 9;, ¢;).
The green rectangle represents the bandpass filters in the light path towards the detector. The normals
of the light source and the camera point towards the origin, which is located at the centre of the top
surface of the object.

The photobox was illuminated by an LED panel whose spectral intensity distribution
was fully characterised [1]. Its spectral intensity curve is shown in Figure 1. The detection
unit consisted of a standard IDS camera (IDS Imaging Development Systems GmbH,
Obersulm, Germany; U3-3060CP-M-GL Rev.2.2) with a 25 mm objective (Edmund Optics,
Barrington, NJ, USA; 25 mm Focal Length Lens, 1” Sensor Format, #63-246), in front of
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which a set of hard-coated bandpass filters (Thorlabs, Newton, NJ, USA; Hard-Coated
VIS/NIR Bandpass Filter Kit, FKBV10) was mounted. The filters were held in a motorised
filter wheel (Edmund Optics, Barrington, NJ, USA; USB/RS-232 Motorised Filter Wheel,
#23-646) that allows rotation through the filters without altering the camera’s position.
This compact setup enables the capture of images at different wavelengths defined by
the filters’ centre wavelengths. For this study, we used filters with a full width at half
maximum (FWHM) of 10nm and centre wavelengths from 450 nm to 700 nm in nearly
50 nm increments. Minor shifts in the centre wavelengths of less than 2 nm were observed
when we characterised the filters, c. f. Figure 1. Measurement at 400 nm was not possible
due to the near-zero intensity of the light source at that wavelength, as shown in Figure 1,
but would otherwise follow the same procedure as the other measurements. Thus, we
sample the complete visible spectrum, missing only the information of the filter at 400 nm.

As explained in [14], we require the transmission profile of the filters in combina-
tion with the camera sensitivity to accurately simulate the image’s intensity data I mre-
From [14], we recall

Jing—dng+a) GAI(A) Gay(A) C(A) L(A)

Icamre Ag) = ,
f< 0) f[)\O*d,)\oer} dA g/\o (A) C(/\) L()L)

(6)

where I(A) represents the intensity from the MC simulation at wavelength A, Ay the centre
wavelength, and d = 3¢ the range implied by the FWHM of the filter with shape G, (7).
L(A) denotes the spectral intensity distribution of the light source, and C(A) the camera’s
spectral sensitivity. In [14], we chose the shape of the filters to be ideally Gaussian, but now
we can use the measured product of C(A) with the filter’s behaviour directly. This gives us
a combined filter function F,,(A) per filter and Equation (6) becomes

 Jys AAI(A) Fyy (M) L(A)
Icamref(AO) - stvs dr F)\O (/\) L(/\) ’ (7)

where we integrated over the visible spectrum (VS) to account for all contributions of the
filters whose shapes are now non-ideal. Equation (7) was used in this work to match the
simulated reflectance with the recorded images.

3. Results
3.1. Validation of the Measurement Setup

To verify the accuracy of our measurement setup and its agreement with our simulation,
we recorded an optical phantom, a silicone mat with dimensions of 20cm x 20cm x 0.6 cm,
created in-house [33], with precisely characterised optical properties, as shown in Figure 4, and
compared it with forward renderings from our MC simulation. The scattering and absorption
coefficients were determined using an integrating-sphere setup, the refractive index using an
ellipsometer, and the anisotropy factor via collimated transmission in combination with an
integrating sphere.

Furthermore, similar to [1,2], we used this phantom to calibrate the brightness scaling
factor of our measurement setup. This scale factor was subsequently used to match the
brightness between the recorded images and the simulation. We recorded this grey silicone
mat at a 45° viewing angle, with the light source also placed at 45° to the left; that is, we
chose ¢; = 0, pc =90° and ¥ = d¢ = 45°, as defined in Figure 3. This configuration of
illumination and viewing angle was shown to be the most suitable for acquiring the optical
properties via the fit [14]. As described in Section 2.3, we recorded an image with each filter
at 450 nm, 500 nm, 550 nm, 600 nm, 650 nm, and 700 nm. Each measurement was taken five
times per wavelength and then averaged to reduce noise. These mean images were then
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corrected using the corresponding AOI transmission loss filter maps from Section 2.3 to
improve the agreement between measurement and simulation.

Next, the equivalent scene was computed in the simulation. We extracted the mean
intensity from a 10 x 10 px region of interest (ROI) at the centre of both the simulated and

recorded scenes and computed the brightness scale factor per filter s, = If;ﬁ, where Icam
and Ly, are the mean intensities from the chosen ROIs. All subsequent simulations were
then calibrated by multiplying with s, . In Figure 5, we show the comparison between the
recorded and simulated calibration mat by taking vertical and horizontal slices through
the middle of the scenes. These mean-intensity curves represent the average of the middle

pixel line +5 pixel lines for each orientation.
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Figure 4. Measured optical properties of the grey silicone phantom that was used as both the
calibration object and the background for the other recorded objects. The scattering and absorp-
tion coefficients (top row) were determined using an integrating-sphere setup, the refractive index
(bottom left) with an ellipsometer, and the anisotropy factor (bottom right) via collimated transmis-
sion in combination with an integrating sphere.
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Figure 5. Comparison of the middle horizontal (left) and vertical (right) image lines of photographs of
the silicone calibration phantom and the simulation of the same scene. Each camera curve (solid lines)
and simulation curve (dashed lines) pair per wavelength is displayed in the same colour.
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Both the horizontal and vertical image lines show good agreement between the pho-
tographs and the simulation. We observe minor deviations towards the edges of the object,
e.g., at pixels 500 and 1500 in the vertical image lines. These deviations arise from im-
perfections at the edges of the silicone mat, residual misalignment of the object in the
photobox, general errors introduced by the photobox due to reflected light and misalign-
ment of the camera and light source, and inaccuracies of the optical properties used in
the simulation. However, these errors have much less influence in the centre of the scene,
which we use for calibration and, in the following results, for fitting the optical properties.
The modelling of the camera and filter setup therefore provides a very robust basis for
the results presented here. As a general remark, we mention that the model relies on a
small number of simplifying assumptions. In particular, while angle-dependent effects are
corrected using manufacturer-provided measurements, the filter response is assumed to be
radially symmetric, and secondary scattering or reflection processes, such as light reflecting
between the camera lens and the filter, are not explicitly included. Lastly, we note that the
recorded images at 700 nm show considerably lower signal than the other wavelengths due
to the low intensity of the light source, c.f. Figure 1, and are thus noticeably noisier. This
can be seen in the comparison of the overall values of the image lines in Figure 5.

3.2. Recovering Optical Properties from a Cube Geometry

After validating that our MC simulation matches our measurement setup, we recorded
images of three silicone cubes, which were manufactured using the same techniques as
the mat [33]. Again, for the photobox setup, we chose ¢; = ¢c = 0 and ¢; = 9¢ = 45°,
as defined in Figure 3. The optical properties of the yellow, red, and blue materials were
previously determined using an integrating sphere and are shown as the solid black lines
in Figure 6.

We then used these images to inversely recover the scattering and absorption coef-
ficients of the three silicone materials. As mentioned in [14], it is sufficient to examine
an image line through the object rather than the full image. In Figure 7, this image line
is marked with red colour in the images in the second and third column. For the fit, we
assumed that the refractive index and the phase function, via the anisotropy factor, of
the materials are known, as shown in Figure 4, since the mat and the other objects are
made from the same silicone base matrix. In this study, the cube geometry was analyti-
cally defined, and the more complex (Einstein bust, https://cults3d.com/en/3d-model/
art/einstein-bust-3d-print-with-base-supported, accessed on 19 February 2026) geometry
was directly obtained from the designer-provided 3D model used for fabrication, such
that both shapes were known a priori. For objects with unknown geometry, established
3D acquisition techniques can be employed to obtain the required surface information
with high accuracy [39-43]. We followed the procedure described in the fitting algorithm
in [14]. The recovered optical properties for each filter, as well as the relative differences
when compared with the reference values, are shown in Figure 6. For the yellow and
red materials, we observe errors below 10%, with maxima of 3.8% for yellow and 8.3%
for red. For the blue material, the error in the reduced scattering coefficient is closer to
10%, with a maximum of 10.2%. The absorption errors are slightly larger, with maxima of
5.2% for yellow, 9.8% for red, and 9.1% for blue. As analysed in [14], stronger intra-band
variation of the absorption coefficient within the filter bandwidth makes its recovery more
sensitive to spectral averaging effects, leading to slightly larger errors. We have omitted
the values at 700 nm in this description, as the images recorded at this wavelength were
significantly noisier than those at other wavelengths due to the low brightness, which
makes convergence of the fit more difficult. In addition, values at and above approximately
700nm have only a relatively minor influence on the visible appearance.
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Figure 6. Recovered reduced scattering and absorption coefficients with the cube geometry for the
three silicone materials, yellow (left column), red (middle column), and blue (right column), marked
with their respective colours in each plot. The solid black lines represent the reduced scattering and
absorption coefficients measured using an integrating-sphere setup, which serve as the reference in
the comparison shown below each plot.

Next, we computed complete renderings of the cubes using the recovered optical
properties and compared them with the recorded images via the CIE AEjgg colour differ-
ence, as shown in Figure 7. As described in [1], we can use the simulation data at the six
points defined by the central wavelengths of the filter set, together with the known spectral
distributions of the light source and the camera, to compute a full image. Furthermore, the
wavelength-resolved data of the simulation was weighted with the normalised intensity of
the corresponding filter to account for the intensity relation between the filters, c.f. Figure 1.
In this way, we transform our simulated data to match the raw camera images we have
obtained. The same computations were performed with the simulated and recorded data
to obtain the images shown in Figure 7. To establish defined bounds for interpolating the
intensity between the six wavelengths and towards 400 nm, we chose the missing data point
at A = 400 nm to be a scaled-down version of the data at A = 450 nm. The scaling factor
fi was approximated by taking the ratio of the camera and light source curves at those
wavelengths and reads f; = %
scattering and absorption coefficients are between 400 nm and 450 nm, as the wavelength

. This assumes constant values of the reduced

dependence of these coefficients is not known a priori. In future work, an additional filter
located between 400 and 450 could improve the interpolation accuracy.

The mean AE values of the two cube sides facing the camera, computed within the
marked ROIs in the AE maps, demonstrate very good agreement between simulation and
measurement. For the majority of the cube faces, the mean AE values remain below 1
and are therefore visually indistinguishable. The front faces of the yellow and blue cubes
show slightly higher values, with mean AE values of 1.1 and 1.2, respectively, which are
still very close to the perceptual threshold. The AE values at the borders of the cube are
larger as the very edge is not perfectly aligned and alignment errors of a few pixels remain.
Another contributing factor is the imperfect surface quality of the phantoms. Although the
cube surfaces are close to perfectly smooth, the edges exhibit small defects, e.g., blemished
corners, as seen on the blue cube, and a striped pattern on the top surface of the red cube.
Small heterogeneities during the mixing process of the cube materials remain and further
alter the light propagation relative to the simulation that assumes perfect homogeneity. The
shadowed regions in the images exhibit higher AE values, primarily due to the reduced
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signal levels, which increase the relative influence of errors and lead to a less favourable
signal-to-noise ratio.
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Figure 7. Comparison of photographs of the silicone cube phantoms (second column) and forward
renderings with the recovered optical properties (third column). The resulting CIE AE;qgo colour-
difference maps (fourth column) show the agreement between both scenes. Additionally, the mean
AE values of the marked regions on the two main faces of the cubes are displayed. The first column
shows the middle vertical image lines, marked with red colour in the images, for both the camera
images (solid lines) and the simulation (dashed lines) and compares the curves per wavelength.

Furthermore, as before with the silicone mat, we examined the vertical image lines
through the middle of both the photographs and the simulation. The resulting curves
are shown in Figure 7 in the first column and are marked with red colour where they
were extracted in the second and third columns. The remaining differences between the
measured and simulated reflectance are the combined result of the measurement errors
described in Section 3.1 and the errors introduced by the recovered optical properties shown
in Figure 6. Nonetheless, we found a sufficiently close match between the photographs
and the simulation, as demonstrated by the colour differences between the rendered and
recorded images.

3.3. Recovering Optical Properties from a Complex Geometry

Next, we changed the geometry of the fit object to a more complex bust of Albert
Einstein. The phantom was again cast from the silicone material in the colours yellow and
red [1,33]. As before, we recorded images with each filter and extracted the fit reference
data from a vertical middle image line. The recovered optical properties from the Einstein
images are shown in Figure 8, together with the relative differences when compared with
the scattering and absorption coefficients measured with an integrating sphere.

The relative differences are larger when compared with those obtained using the cube
geometry due to the more complex geometry of the bust. For the yellow material, we
observe maximum errors of 15.9% for the reduced scattering coefficient and 16.0% for
the absorption coefficient. For the red material, they are 18.8% and 21.9%, respectively.
The highly irregular shape made it more challenging to align the photographs and the
simulation with the simple cube geometry than before. In addition, the increased geometric
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complexity introduces surface defects resulting from the manufacturing process, which
influence light propagation. These factors compound with the previously discussed errors
and lead to larger relative differences in the recovered optical properties.
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Figure 8. Recovered reduced scattering and absorption coefficients from the Einstein geometry for

the two silicone materials, yellow (left column) and red (right column), marked with their respective

colours in each plot. The solid black lines represent the scattering and absorption coefficients

measured using an integrating-sphere setup, which serve as the reference in the comparison shown

below each plot.

Again, we rendered images using the recovered scattering and absorption coefficients
and compared them with the combined image from the filtered photographs, as shown
in Figure 9. As can be seen in the images, the simulation is able to faithfully reproduce
the most prominent features of the bust, including the facial characteristics and the hair
structure. This is also reflected in the AE maps, which show extended regions with good
colour agreement, such as on the forehead. Within the marked ROIs in Figure 9, acceptable
colour differences of AE = 1.76 for the yellow material and AE = 1.33 for the red material
were obtained. Nevertheless, the AE maps now exhibit local maxima where AE > 3. These
maxima occur at edges and in regions of high curvature. These detailed features of the
bust are the most sensitive to alignment errors when the object is placed in the photobox.
Furthermore, during the manufacturing process, these thinner and more elaborate parts
of the phantoms are more susceptible to production errors, i.e., they often have a slightly
different geometry than the ideal model. The negative used for casting the busts was 3D-
printed and therefore limited in surface accuracy, which propagates to the silicone castings.
The resulting surfaces show roughness and local defects, such as altered edge shapes.
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Figure 9. Comparison of photographs of the silicone Einstein phantoms (second column) and
forward renderings with the recovered optical properties (third column). The resulting CIE AE3qqo
colour-difference maps (fourth column) show the agreement between both scenes. Additionally, the
mean AE values of the marked regions are displayed. The first column shows the middle vertical
image lines, marked with red colour in the images, for both the camera images (solid lines) and the
simulation (dashed lines) and compares the curves for each wavelength.

3.4. Recovering Optical Properties from RGB Photographs

Lastly, we used ordinary RGB images as input data for our fitting method. We
used the data previously recorded by Hevisov et al. [1], in which images of the three
silicone cubes on the calibration mat were taken with a Nikon D7500. Our fit can then
be applied as described in [14]; i.e., we assume that the RGB channels act as the filters
through which we record the scene. In Figure 10, we show the recovered optical proper-
ties for the RGB channels, which we previously associated with the central wavelengths
AR = 610nm, A\g = 530nm, and Ag = 470nm as well as FWHM values of
FWHMgR =~ 65nm, FWHMg &~ 100nm, and FWHMp ~ 75nm [14]. Thus, we obtained
three pairs of scattering and absorption coefficients from a single image. However, this
approach is limited by the fact that the intrinsic camera RGB channels are relatively broad.
On the other hand, using a common commercially available RGB camera as the detector
avoids errors introduced by additional optical elements such as bandpass filters. This also
broadens the applicability of our method to any sufficiently well-characterised RGB camera.

Once more, we rendered images using the recovered optical properties and computed
the resulting colour differences. In this case, the deviations arising from the errors in
the optical properties, the substantially wider integration intervals of the RGB channels,
together with the sparse sampling of the visible spectrum using only three data points, lead
to significantly larger colour differences, as shown in Figure 11. We used the framework
established in [14] to generate a spectrally resolved image from the three recovered RGB
data points. As in [14], spectral bounds at 400 nm and 700 nm are required for rendering
across the visible range. To obtain these bounds, a pixel-wise linear interpolation model was
applied. For each pixel, a linear spectral trend was determined using the recovered values at
the three representative RGB wavelengths (470 nm, 530 nm, and 610 nm). The slope defined
between the green channel (530 nm) and the blue or red channels was used to extrapolate
the spectral behaviour toward 400 nm and 700 nm. This procedure yields five spectrally
defined images (400nm, 470nm, 530nm, 610nm, and 700nm), enabling interpolation
across the visible spectrum under the assumption of locally linear spectral behaviour.
While this represents a sparse spectral sampling, it provides a consistent approximation for
RGB-based reconstruction. As expected, we now observe substantial deviations in both
the optical properties and, consequently, in the colour difference when comparing the RGB
images with forward renderings generated using the recovered properties. Again, we have
marked the mean AE values in the ROIs on the cube’s main faces, this time with values
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that clearly indicate a noticeable colour difference. The RGB-channel data comparison is
shown in the left column of Figure 11 and likewise demonstrates the mismatch caused by
the deviations in the optical properties, which is a direct consequence of the wide filter

intervals inherent in the intrinsic RGB channels.
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Figure 10. Recovered scattering and absorption coefficients using RGB photographs as input, with
the cube geometry for the three silicone materials, yellow (left column), red (middle column), and
blue (right column), marked with their respective colours in each plot. The solid black lines represent
the scattering and absorption coefficients measured using an integrating-sphere setup, which served
as the reference in the comparison shown below each plot.
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Figure 11. Comparison of RGB photographs of the silicone cube phantoms (second column) and
forward renderings with the recovered optical properties from the RGB fit (third column). The
resulting CIE AEpgy colour-difference maps (fourth column) show the agreement between both
scenes, where we have focused on the relevant part of the image that contains the cube. The first
column shows the middle vertical SRGB channel data, marked in red in the second column, for both
the camera images (solid lines) and the simulation (dashed lines).
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4. Discussion

In this work, we presented a novel measurement setup for determining the reduced
scattering and absorption coefficients from a single image. The setup consists of a common
commercially available camera and a set of optical bandpass filters mounted in a photobox
with a calibrated light source and defined angles of illumination and detection. We then
used these these spectrally dependent images, given by the spectral characteristics of
the used filters, to inversely recover the optical properties of three materials using our
MC simulation. The geometry of the photographed objects, as well as the materials’
refractive index and scattering phase function, were preset. Deviations arising from errors
in the assumed refractive index and anisotropy factor within the Henyey—Greenstein
phase function were previously investigated in [14]. We examined three materials in cube
geometry, two of which were additionally investigated in a more complex bust geometry of
Albert Einstein. The recovered optical properties were compared with integrating-sphere
measurements and exhibit maximum absolute errors of approximately 4-10% for reduced
scattering and 5-10% for absorption for the cubes, and 16-19% and 16-22%, respectively, for
the busts. The results obtained from RGB photographs show even larger errors, as expected,
because the intrinsic RGB channels of the camera act as broad filters and therefore cannot
achieve the precision provided by the 10nm bandpass filters. In [14], we investigated
in detail the influence of filter width on the fit results, as well as the ideally achievable
performance using RGB channels.

We identify several reasons for the observed deviations of the optical properties
obtained with the 10 nm filter setup. The main source of error is the imperfect alignment
between the simulated and recorded scenes, including the relative positions and angles of
the camera, light source, and object. This affects the light transport in general but is most
prominently noticeable at the specular reflexes in regions with high curvature. In addition,
the walls and components of the photobox are not perfectly black and therefore reflect light.
Finally, the integrating-sphere measurements used as reference values also contain their
own measurement errors.

We have shown that with a comparably simple setup we can recover the reduced
scattering and absorption coefficients of samples that would be more difficult to measure
with other methods due to their shape, such as with an integrating-sphere setup. In the
present implementation, the optimisation was performed with a maximum of 40 LM itera-
tions per wavelength to ensure robust convergence, although the optimum was typically
reached after approximately 20 iterations. For the six-wavelength reconstructions shown
here, this resulted in conservative upper bounds of approximately two hours for the cube
geometry and up to eight hours for the more complex bust. Since each wavelength can be
processed independently, the reconstruction could be parallelised, thereby reducing the
effective time when sufficient hardware resources are available. Runtime optimisation was
not the primary focus of this study, and further reductions are feasible through adaptive
photon allocation and more elaborate early stopping strategies. Furthermore, our setup
can also be used with a common commercially available RGB camera as the detector, fur-
ther broadening its applicability. The measurement setup could also be used in process
control environments, such as with objects on a slowly moving conveyor line. Within the
motion-induced errors, the optical properties of the objects could be determined, the colour
appearance rendered, and as we have shown, a digital twin could be created. Another
application if the optical properties are not the main focus could be just the digital twin-
ning of objects, which can then be placed into virtual environments. Future work should
primarily focus on reducing the sources of error listed above and, secondarily, on studying
macroscopically heterogeneous objects. A more sophisticated method to align the recorded
scene with the simulated counterpart would offer the greatest potential improvement. A
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direct method for capturing the 3D geometry, including any production defects, would
also enhance this alignment. This could be achieved, for example, using a spatial frequency
domain imaging system within the photobox, which would capture the object’s position,
orientation, 3D shape, and for heterogeneous objects, detect spatial material distributions.
Consequently, this information could be used directly for the simulations, meaning that no
experimental alignment is needed at all. Another avenue for improvement is the inclusion
of a surface-roughness model to describe objects with greater accuracy. Additional filters
would increase the number of sampled wavelengths across the visible spectrum, thereby
providing more detailed information on the spectral behaviour of the optical properties
and improving the forward renderings through a denser spectral sampling.
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