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Figure 1: Our approach for SVBRDF reconstruction makes use of indirect illumination to increase the amount of information retrieved from
glossy materials. We train a neural network without a dataset of materials, fitting it to the observed environment maps. After training, the
network can quickly predict high-resolution material maps for relighting.

Abstract

Reflectance capture aims at the visual reproduction of an object under varying illumination. Past works differ substantially
in their experimental overhead, from single- or few-image approaches, that employ significant (often learned) priors at the
expense of biased reconstructions, to more accurate approaches that tend to be time-consuming, which to a good part is due
to the need for carefully controlled illumination. Moreover, as we will show, the frequently employed point-light or directional
lighting tends to clip highlights and under-sample the reflectance of glossy surfaces, leading to incorrect reconstructions under
previously unseen illumination. Our work aims to strike a new balance, combining a low-overhead capture methodology with
a fast (neural) model fit. A key feature of our approach is the use of handheld, indirect bounce light that enables a convenient
capture methodology, limits the dynamic range of the reflectance (effectively avoiding highlight clipping) and ensures contigu-
ous hemispherical incidence, even with few images, eliminating under-sampling of highly specular reflectance lobes. Moreover,
our approach does not require training on pre-existing material datasets and thus is not restricted by the choice of dataset, and
its inference scales linearly with the number of pixels, scaling exceptionally well to large image sizes. As a result, our method
enables high-resolution capture of a spatially-varying reflectance distribution function (SVBRDF) from a small set of casually
captured, indirectly lit photographs, making high-quality material acquisition practical even on consumer hardware.

Overall, we believe that our method occupies a unique trade-off between acquisition effort, model assumptions and result-
ing quality, and it has the potential to transform areas that routinely use handheld point-light sources, such as the popular
reflectance transformation imaging (RTI), leading to more faithful reproductions of artefacts and their surface characteristics.

CCS Concepts
» Computing methodologies — Reflectance modeling; Image-based rendering; Learning paradigms;

1. Introduction

Reflectance capture aims at reproducing how an object looks un-
der varying illumination. Past approaches can be roughly divided
into: (1) image-based methods that simply record how an object
responds to a set of carefully controlled illuminations; and (2)
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model-based approaches that try to infer explicit parameters of a
reflectance model that are consistent with observations under vary-
ing lighting and/or viewing directions. Many methods from both
types of approaches have been presented with substantial differ-
ences in their applicability and experimental overhead.
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Single- or few-image methods, which employ significant priors
(that are often machine-learned), are either restricted in the material
classes they support [AWL15, AAL16,DAD*18, VMR*24] or use
generative mechanisms to fill in or hallucinate unobserved informa-
tion based on pretraining with carefully curated material databases.
While valuable for content creation in computer graphics, these re-
strictions limit their utility for applications that rely on faithful re-
productions of the original real samples, such as conservation and
study of historic artifacts.

At the other extreme are methods that aim for high accuracy of
reproduction but are time-consuming, which to a good part is due
to the need for carefully controlled illumination and viewing condi-
tions, requiring dedicated hardware and lengthy acquisition times.

Along that spectrum, reflectance transformation imaging (RTI)
has become a hugely popular methodology in practice, widely
adopted in archaeology and the museums sector. Its popularity
stems from a good balance between acquisition effort and added
value of the resulting datasets: a stationary camera observes a
mostly-planar object surface that is successively lit from various
directions, using either a handheld flash light or a dome-mounted
arrangement of LED light sources; a glossy sphere next to the ob-
jectrecords the direction from which a handheld light source shone.
The captured datasets can be viewed in an interactive software that
allows a user to virtually relight the object’s appearance from vari-
ous angles, as well as employ further enhancement through image
processing, including inference of approximate surface normals.

The majority of reflectance capture methodologies, including
RTI, employ point-light or directional lighting. As we will show,
this tends to both clip highlights and under-sample the reflectance
of glossy surfaces, leading to incorrect reconstructions under pre-
viously unseen illumination.

Our work aims to strike a new balance, combining a low-
overhead capture methodology with a fast (neural) model fit. Sim-
ilar to other methods, we repeatedly capture a largely planar ob-
ject with a stationary camera across multiple illuminations. How-
ever, we do not illuminate the object by shining light at it di-
rectly but instead we employ indirect bounce light: a human op-
erator carries a small light source that shines away from the ob-
ject, against the walls of a room. This creates a smoothly lit envi-
ronment, ensures contiguous hemispherical incidence, and avoids
high dynamic range and the risk of highlight clipping in the cam-
era sensor. These lighting environments are recorded by a mirrored
sphere that is next to the object, and even for a small number of
images, the large extent of the indirect light sources ensure good
coverages of the hemisphere. As we will discuss in Section 3, this
further eliminates under-sampling of highly specular reflectance
lobes. Bounce light captures were also used in prior works, mainly
to digitally relight product and portrait photography to ensure a
flattering illumination that is not directly achievable in the room
itself [MTB*06, MDKD16].

Our method outputs the object’s appearance parameters at each
position (pixel). We model surface reflectance as a spatially-
varying bidirectional reflectance distribution function (SVBRDF;
based on the simplified Disney BRDF model). In order to fit
a BRDF to each image pixel, we introduce a lightweight per-
pixel multi-layer perceptron (MLP) that is trained on the fly with-

out requiring any pre-collected dataset. Once the data capture
is completed, that network overfits to the observed environment
maps using synthetically generated random ground truths, en-
abling rapid training within minutes. The trained network then in-
fers per-pixel BRDFs within microseconds, that is, mere seconds
for entire images. Considering data I/0 and the need for semi-
automatic verification of light source directions by state-of-the-art
RTI software (https://github.com/cnr-isti-vclab/
relight) [PCS18], this leads to reconstruction times that rival
those of classical RTI.

We argue that our method is similarly practical to RTI, and we
show that it offers greatly improved quality, particularly for glossy
objects. Our individual contributions are as follows.

e A novel, practical methodology for reflectance capture that,
unlike previous work, remains stable and maintains excellent
quality even for very glossy materials.

e We demonstrate that the problem has local minima and that
generic differentiable rendering is not viable.

e A robust neural SVBRDF estimator with no principled limits
on texture resolutions; the BRDF is estimated for each pixel
independently, with no convolutional layers.

e No reliance on any pre-collected datasets, as the neural estima-
tor is always newly trained on the fly.

2. Background and related work

During rendering, we are solving the light transport equation (LTE)
[PJH23]. How much light is reflected from a position X on an
opaque, non-emissive surface, is determined by:
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where x is the two-dimensional surface position such as the texture
coordinate, L,(0,,d,) is the outgoing radiance leaving the material
at spherical coordinates 8,, 0, (polar angle, azimuth), and L;(6;,¢;)
is the incoming radiance arriving from the scene. The SVBRDF is
a spatially-varying extension of BRDF f(60,,0,,6;,0;), and deter-
mines how the material looks at each position.

2.1. Relighting and reflectance transformation imaging (RTI)

The problem above (Eq. 1) can be simplified by assuming a fixed
camera position (constant view angles 0,,¢,) and varying illumi-
nation direction (varying 0;,¢;). In that case, only a 4-dimensional
function f(x,0;,0;) needs to be estimated. This is called relight-
ing or reflectance transformation imaging (RTI) and the goal is to
render a new image of the same object under the same view but
with different lighting. The concept is of high importance in fields
like cinematography (face relighting, initiated by [DHT*00], and
later improved by neural models [HSB*22, HCT*24]) or cultural
heritage (digitizing and studying artifacts or art [WLK*24]).

Traditional RTI is based on photographing the object many
times, illuminated by directional lights from various angles that can
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be simply calibrated using spheres [MDAO2]. The reflectance can
be represented, for example, as polynomial texture maps (PTM)
whose coefficients can be numerically fitted [MGWO1]. In general,
for fixed 0,,¢,, we can write the reflectance as: [PCS18]

F(%,8,00) = Y ar(x)wi(6;,07) , 2
%

where a; are the fitted coefficients for each pixel, and wy are di-
rectional weights. The exact formulation of wy, differs based on the
underlying model, such as PTM, hemispherical harmonics (HSH)
[ZSD14], or interpolating the original photos via radial basis func-
tions (RBF) [GCD*17].

Relighting methods are often affordable and since they do not
rely on any underlying BRDF model, they are robust to self-
shadowing and complicated surface geometries. The main down-
side is that they cannot render the object from different viewpoints,
so they cannot be used in arbitary scenes in traditional rendering
pipelines. They also require a significant number of input photos to
ensure good interpolations, and they naturally suffer from aliasing
on glossy surfaces (see Fig. 2 for a diagram and Fig. 3 for photos).
The problem of aliasing persists in all methods that use a simple
point-light illumination (including Sec. 2.3), and it was also high-
lighted by prior work [GAHOO07, AWL13].

2.2. SVBRDF estimation

While the camera view is fixed in RTI, we generally want the cam-
era position to be dynamic as well, so we need to capture the full
SVBRDF f(x,0,,0,0;,9;). Due to its importance for photoreal-
istic rendering, this problem has been studied extensively, leading
to approaches that differ in their tradeoff between acquisition com-
plexity and fidelity. The traditional BRDF measurement device, the
gonioreflectometer, enables precise measurements by carefully cal-
ibrating and controlling both the light source and the sensor. With
a sufficiently dense sampling strategy, the device is able to capture
the BRDF of the material with high fidelity; however, a single cap-
ture may take several hours [F*97, WLL*09].

Many publications proposed captures that require hardware to
project illumination patterns, such as LCD screens [AWL13], light-
stage cubes [KCW*18,KXH™*19], RGB LED arrays [MKZ*21], or
a custom single-point BRDF measurement device with embedded

reflection

reflection

Figure 2: Aliasing in the SVBRDF capture is caused by a combina-
tion of a narrow reflection lobe of glossy materials and directional
illumination that does not cover all angles. In our method, we use
indirect illumination, which is smooth and low-frequency in the an-
gular domain, covering a larger portion of the hemisphere.
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sensors and illuminants [DWT*10]. Some of these also use deep
networks [KCW™ 18, KXH*19]; however, our method uses a sig-
nificantly more lightweight capture setup, and our network is not
trained as an autoencoder but directly outputs Disney BRDF pa-
rameters.

Other methods that require additional resources are those using
polarized light (such as from LCD and CRT screens) and/or po-
larization filters [GCP*09, GCP* 10, RRFG17], or methods that re-
quire an on-site calibration with a custom BRDF calibration chart
[RWS*11], or setups with RGB-D cameras [WWZ16].

In contrast, our method enables in situ SVBRDF captures with-
out specialized equipment: we only require a camera, light source,
and a mirror ball. Methods that capture SVBRDF and that we di-
rectly compete with are those that rely on just a mobile phone cam-
era with a flash light. Recently, this concept gained popularity via
neural networks, which we explore in the following section.

2.3. Neural SVBRDF estimation from flash photography

Neural SVBRDF estimation is of significant importance due to the
simplicity of its use. In a recent survey [KHM™24], over 50 pub-
lications on that topic were identified. In order to capture spa-
tially varying materials from a small number of photographs, most
methods assume various constraints such as: collocation of a point-
light with the sensor [AWL15,ZWX*20], stationarity of the mate-
rial [AWL15, AAL16, HDMR21,ZWX*20], availability of an ex-
tensive dataset for learning a prior [DAD*18, DAD*19, GLD* 19,
GSH*20,LSC18,LXR*18], or a combination of the above.

A common strategy among approaches based on neural networks
is to train a relatively large model on synthetic data and use one or
more flash images during inference. These photos can be taken with
a handheld phone camera, making it easy to capture images with
a collocated light source. One of the first single-image SVBRDF
estimation metods [DAD* 18] introduced a training strategy based
on a synthetic dataset of 20000 SVBRDFs (after augmentations).
The material maps are predicted using a U-Net [RFB15], which is
enhanced through additional connections of global features. In a
following work by the same authors [DAD*19], the method was
improved to support an arbitrary number of input images during
inference. A different approach for leveraging multiple images,
using inverse rendering, was proposed [GLD*19]. As a reason-
able starting point is required for the optimization, the approach
leverages the single-image method as initialization. Concurrently,
single-image appearance modeling was also presented by others at
that time [LDPT17, YLD*18].

Later, adversarial training [GPAM*20] was successfully used to
improve the results in low data settings for both material maps gen-
eration [HDMR21, ZHD*23] and SVBRDF estimation [VPS21].
A prominent work in this category is Material GAN [GSH*20],
which adapts the StyleGAN2 [KLA*20] architecture for material
maps. By training the generative model, the method learns an ex-
pressive latent space, which is optimized using inverse rendering
to match the input photographs. This strategy is similar to the one
employed before [GLD*19], except it does not require a specific
initialization. More recently, optimizing the material maps through
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inverse rendering was shown to benefit from a tailored neural net-
work architecture that takes into account the correlation between
different maps [LSM*24]. For single-image SVBRDF estimation,
several recent methods build on the success of diffusion models
[VMR*24,SP23, YYSF24].

Overall, these methods seek to address the fact that estimating
the SVBRDF from a single image or a few flash photographs is
an ill-posed problem, by relying on a data-driven prior. Differently,
we propose to make the input images more informative through
indirect illumination, enabling a more accurate reconstruction.

2.4. Uncontrolled illumination and 3D reconstruction

Our method works under uncontrolled indirect illumination, so
we also explore works in that setting. Several prior publications
focused on BRDF estimation under completely unknown natural
lighting, but the entire object had to be of a single uniform mate-
rial [ON14, GRR*18, MMZ* 18, RL22]. For SVBRDF, [MRR*22]
showed a neural network trained on synthetic datasets that only
needs a single input photo, but has limited support for metalic and
roughness estimations.

Using uncontrolled illumination is more common in methods
that reconstruct not only the appearance but also an arbitrary 3D
shape, typically from multiple views of the scene, although single-
image estimation is also possible [BM15]. Compared to neural
radiance fields (NeRF) [MST*22] and NeuS [WLL*21], which
model radiance and SDF, respectively, several methods explored re-
constructions for 3D geometries, which include material properties.
Such works include [DCP* 14, ZCD*16] (appearance reconstruc-
tion, known geometry), [ XDPT16] (shape and SVBRDF recon-
struction from a rotating object), [ZLW*21] (shape and SVBRDF
reconstruction, but only a constant specular lobe), [VSJ22] (shape
and SVBRDF, known environment map, using differentiable ren-
dering, limited to albedo and roughness), [BJB*21, YF23] (shape
and SVBRDF, require a large-scale dataset and long training),
[LWL*23] (shape and BRDF of mirror-like objects), or [WPH*24]
(uncertainty in SVBRDF acquisition).

These methods that support arbitrary 3D shapes are often slower
and have to solve other challenges such as pose estimation and ge-
ometry alignment across the individual captures. In contrast, our
method focuses on mostly-planar surfaces and is very fast at out-
putting pixel-perfect SVBRDF texture estimates with an arbitrarily
high image resolution (limited just by the resolution of the camera).
Especially, we can reconstruct high-resolution normal maps, which
is not equivalent to reconstructing a low-resolution 3D geometry.

3. Analysis

In this section, we analyze the motivation behind our approach. Our
goal is to estimate the SVBRDF f(x,0,,0,,0;, ;) of a planar mate-
rial sample. Geometry features (such as embossing and scratches)
should be embedded in the SVBRDF itself, which is a concept
known from normal mapping. We use a per-pixel pipeline, so we
assume that each position x is independent and can be estimated
separately.

Estimated  Geometry ~ Novel 3D
normal map from normals rendering

not
possible

Example input photos

Material GAN
9 photos

9 photos

not
possible

@

Figure 3: Examples of photos captured for different methods,
and the resulting reconstructed normal maps, geometry, and novel
view rendering. The medallion is cropped from a larger capture
(Fig. 14). Notice how directional lighting (top 3 rows) leads to
aliasing, overexposed highlights, high dynamic range, and loss of
information. With our indirect illumination (bottom row), the object
remains well-lit in all photos and the dynamic range is reduced.

RTI
72 photos

Ours
9 photos

Mirror reflection and directional lights For a given cam-
era direction (0,,¢0), a perfect mirror material would have
f(%,00,00,0;,0;) # 0 only for a single incoming direction. If the
sample is illuminated by directional lights or point lights, the math-
ematical probability that we will align a light exactly in that direc-
tion is zero. Photographs would be black with nothing to observe.

Glossy materials and directional lights For materials that are not
perfect mirrors but still are highly glossy, their reflectance lobe is
very narrow (illustrated in Fig. 2). In Fig. 3, we can see that pho-
tographs of such objects under directional lights are mostly dark,
and the pixels whose reflection hit a light source are significantly
overexposed and clipped by the camera sensor. Underexposing the
photos would improve the highlights but would render the rest of
the sample completely black. Stacking multiple photos with differ-
ent intensities of the camera flash would be technically challenging.
Reconstructing a glossy material from flash-lit images is a difficult
task that (1) requires a dense grid of illumination angles, or (2) re-
lies on hallucinating the unseen reflections via neural networks that
were pre-trained on large datasets, or (3) needs to consider addi-
tional inputs such as captures with natural illuminants [RPG16].

Mirror reflection and bounce light In our method, we use indi-
rect illumination (bounce light). Unlike directional light, bounce
light is continuous and covers a larger portion of the environment
above the sample (illustrated in Fig. 2, right). We can simply move
the bounce light around a room N times to create different envi-
ronments: {£;(8, ¢)}1Jy:1. Each time, we also capture a new photo-

graph of the sample: {I j}jjyzl. Each point on the unknown sample
reflects to a direction that we have to find and which corresponds
to the surface normal vector. If we assume a mirror material, for
each pixel x of the sample there is exactly one reflection direction
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Figure 4: Each photo contains a small mirror sphere next to the
sample (Figs. 1, 13). By reprojecting the pixels of the sphere, we get
an environment map of the incident illumination from all angles.

(6r,0,) that contributes to the pixel color:

vx 3(0r,¢r) Vi€ {l,....,N}: L;(x)=p(x)-E;(6:,0,), (3)
where p(x) € [0, 1] denotes albedo of the mirror at position x. Find-
ing the unknown p and (6,,¢,) for each pixel x becomes an opti-
mization problem:

(x),0,(x)) = argmin Z ‘I E;(6,9)] .

p.6,0 j=

VX (p(X) ) er
“

The reason we need N > 1 environments is because a single real
environment cannot be guaranteed to have a unique radiance at each
direction, so the problem would be underdetermined. Note that the
optimization problem is three-dimensional, but it can be reduced
by dividing the individual sum elements of Eq. (3) with each other:
Li _p Ej6r0r)

7N 7‘ ./: T T a s )0
hi#] I p Ej(6:,0r)

where p cancels out, resulting in a two-dimensional problem:
(6,(x),0r(x)) = Ej(6,0) =1 (x)-E;(8,0)
5)

This Eq. (5) can be solved algorithmically. The function space con-
tains plateaus and local minima, so gradient descent will usually
not converge to the correct solution. However, it can be solved by
a simple brute-forced grid search. This, of course, assumes that we
know each environment illumination E;. For that, we place a mir-
ror sphere next to the sample, so each photograph /; also contains
a mirror reflection of the entire environment E; (Fig. 4).

v i edl,...

8.0 j#j

Principled BRDF and bounce light Solving the problem for
mirror-like materials was mostly just a thought experiment. In-
stead of a mirror reflection, we model the material using the well-
standardized Disney Principled BRDF model [Burl2]. To ensure
the problem is tractable, we limit our method to the 7 core parame-
ters of the model: base color (3 channels, RGB), roughness (1 chan-
nel), metallicness (1 channel), and the normal vector (2 channels,
normalized). Our goal is to find the 7 parameters for each pixel,
based on the N observations {/ j}IJY: 1- As the material is no longer
a mirror, we cannot use Eq. (5) anymore. Instead, we need to solve
the integral LTE for each parameter combination by rendering the
pixels. Finding the parameters from the images is then equivalent
to inverse rendering. We could pre-compute the intensity of each
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Figure 5: Environment illumination from the point of view of a ma-
terial sample with the Disney Principled BRDF. With increasing
roughness, the reflection lobe widens and causes blurring. With de-
creasing metallicness, the reflection softens and becomes diffuse.

pixel {I;(x) }IJY:I and then perform a grid-search (see Fig. 5 for how
such a pre-computed table would look). But the dimensionality is
too high for a lookup table to be feasible: 100 subdivisions in 7 di-
mensions would require 364 TB of storage assuming each element
was as small as 4 bytes.

Differentiable rendering Solving high-dimensional inverse ren-
dering problems is often done via differentiable rendering. To com-
pute the partial derivatives (gradient), rendering frameworks such
as Mitsuba 3 [JSRV22, JSR*22] rely on automatic differentiation
and just-in-time compilation. We ran an experiment with Mitsuba 3
and the Adam [KB17] numerical optimization algorithm. This ap-
proach has two major downsides. First, as we show in Fig. 6, the
optimization tends to converge to solutions that are far from opti-
mum, most likely because the function space contains plateaus and
local minima. As a result, the solution looks correct under the ref-
erence illumination, but fails when rendered under novel lighting.
Second, differentiable rendering is orders of magnitude slower than
our approach: the backpropagation pass needs to be computed for
each pixel in the image in each iteration, requiring multiple samples
per pixel. In contrast, as we demonstrate in the following section,
our training pass is completely independent on the texture resolu-
tion and the inference pass only has a single iteration per pixel.

Reference illumination

Novel illumination

Differentiable
rendering

Reference photo Our method

Figure 6: Differentiable rendering tends to converge to a local min-
imum that looks correct for the data it has seen, but fails when
viewed under novel illumination conditions.
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4. Our method

Following the analysis in the previous section, we propose to solve
the SVBRDF estimation problem by using indirect bounce light
and training a neural network that learns the inverse of the render-
ing function. That is, given N observations with N bounce lights, it
outputs the SVBRDF parameters.

4.1. Architecture

Our goal is to create a neural network that can be trained very fast
and does not have any dependencies on pre-collected datasets. By
that we completely avoid the necessity to collect material samples,
whether real or synthetic, as there is no need for them anywhere
in the training procedure. As a consequence, instead of a convolu-
tional or diffusion network that would require a dataset, we design
a simple multi-layer perceptron (MLP) that works for each pixel
separately, without any information from the neighbors.

For that to be viable, we assume that: (1) all input images
{1 j}IJY:1 are pixel-aligned, i.e., camera does not move; (2) inter-
reflections and self-shadowing between pixels are ignored; (3) the
environment illumination is located in infinity and the camera rays
are collimated (orthographic projection), so that all pixels are illu-
minated and observed under the same geometry.

Our network Q: R**N — R7 takes for each pixel N observed
RGB reflectances and outputs the 7 parameters of the Disney Prin-
cipled BRDF model (as described in Sec. 3). The inference runs
on the captured photos pixel by pixel and as a result we assemble
a 7-channel SVBRDF texture that has the same resolution as the
input photos. For visualization purposes and to ensure compatibil-
ity with rendering pipelines, we split the 7-channel textures into
the commonly used base color texture (RGB), roughness texture
(single-channel), metallicness texture (single-channel), and normal
map (encoded as RGB, but internally stored as 2 channels since the
3D vectors are normalized). Note that we assume isotropic materi-
als and thus do not store anisotropy information.

Execution For N photos with H x W pixels each (N illuminations,
H height, W width), {I;}_,, I; € R">*">3 the output SVBRDF
textures are also H x W pixels large, and the network inference Q
is executed H x W times in total. To ensure efficiency, we always
try to fill the available GPU memory and process as many pixels as
possible in a single run. If the images are larger than GPU mem-
ory, the execution is split into batches of pixels. Since each pixel
is independent, we can process images with an infinitely high res-
olution with no visible seams in the textures. In Fig. 7, we show
that the inference time scales linearly with pixel count and input
photos. Inference on N =9 images, 2048 x 2048 pixels each, takes
less than one second on consumer hardware.

Layers Our MLP Q is a tiny network implemented with 3 hidden
layers whose goal is to learn the mapping between reflectances and
SVBRDF parameters. The network input is a tensor of N x 3 values
(N x RGB observations), which are in the [0, c0) range, with most
values being [0, 1] since our indirect illumination naturally prevents
overexposed highlights. Before feeding the values to the network,
we take the logarithm in order to increase the contrast of dark re-
gions, then apply an affine transform to roughly align the values to

Inference time
(using 9 photos)

Training time
(1000 iterations x 4096 samples)

44
6
g3, E
2 g
s &
24 24
1 , . . . 01— T T
6 9 12 15 18 o5, %2 %,
Number of input photos EECS 6> Pixel count %o

Figure 7: Our network trains in a few minutes, scaling linearly with
the number of input photos N. Inference takes less than 1 second
for a 2048%2048 image, and it is linear in the number of pixels.

the [—1, 1] range. We observed that if the captured photos are ex-
tremely noisy (such as due to weak illumination), the logarithm ex-
aggerates the noise too much, in which case it can be disabled. All
hidden layers have 1024 neurons and are followed by a ReLU acti-
vation and a 1D batch normalization. The last layer of the network
outputs 7 values (SVBRDF parameters) followed by a Sigmoid
activation to ensure these values are normalized. Finally, the nor-
malized values are remapped and split to the individual SVBRDF
parameters (base color, roughness, metallicness, normal map).

4.2, Training

As mentioned, we do not train our network Q on a pre-collected
dataset; instead, we train it on-the-fly on a large set of randomly
sampled material parameters. During the training, the N environ-
ment maps are fixed, so whenever we capture new N photographs
for which we want to estimate the SVBRDF, the network is trained
again from scratch. However, our training times are very short
(Fig. 7), only requiring a few minutes on consumer hardware, so re-
training the network is not a problem. Hypothetically, if one could
ensure that the environment illumination is fixed and repeatable,
such as in a purposefully built measurement device, the training
could be only performed once during an initial calibration. For
in-the-wild measurements that we primarily target, the network is
trained for each session independently.

The training is performed for 7T iterations with the batch size of
M (usually around 7 ~ 1000 and M ~ 4096). In each training it-
eration t € {1,...,T}, we randomly generate a set of M material
parameters P, C R7*M that roughly cover the manifold of possible
7-channel parameters in the BRDF model. We sample the albedo
and roughness uniformly in the range of possible values. The metal-
lic attribute is sampled uniformly for half of the batch and takes
an extreme value of O or 1 for the other half; this is done to im-
prove the coverage of the training set given that most real materials
exhibit either fully metallic (1) or fully dielectric (0) properties,
and their interpolation is not physically meaningful, even though
it makes sense in the BRDF modeling context. Finally, the normal
vectors are randomly sampled such that their azimuthal angles uni-
formly cover the [0, 27] range, whereas the polar angle is restricted
to [— %, F] to avoid light being reflected below the horizon.

The rendering function, in our case implemented using the Mit-
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Figure 8: Comparison between the material maps obtained with-
out any noise augmentation during training (top) and our results,
trained with noise scale ¢ = 0.05 (bottom).

suba 3 renderer [JSR*22], is then used to compute N RGB syn-
thetic observations, resulting in a set of rendered observations R; C
RVX3XM " At this point, we have a set of parameters P C R7*M
and their corresponding observations R; C RV*3XM The network
is trained to learn the inverse mapping, from R; to P, by back-
propagating through it using an L loss function that compares the
predicted parameters Q(R;) to the ground truth P; in the batch. All
parameters are weighted equally except for normals, which receive
a weight of 10, as they affect most the quality of relighting. To
avoid instabilities pertaining to computing the loss function in a
spherical coordinate system, we represent the normals as two free
scalars (x,y) and assume z = 1. Then, to obtain the true normal, we
simply normalize the (x,y, 1) vector. To train Q, we use the Adam
optimizer [KB17] with a learning rate of 1073

We empirically observe that naively training the network in this
way quickly overfits to the fixed environment maps and material
model. This is the expected and desired behavior if we assume an
ideal capture, devoid of any sources of error, and that the assumed
BRDF model exactly matches the photos as in Sec. 5. However,
when reconstructing SVBRDFs from real-world captures (Sec. 6),
the photos are susceptible to noise and furthermore the real materi-
als are not perfectly matching the Disney Principled BRDF model.
As we visualize in Fig. 8 (top row), predictions from real photos
would suffer from noise and bias. To mitigate this issue, for real
captures we add a small amount of training noise (sampled from a
normal distribution with standard deviation between ¢ = 0.05 and
0.10) to the input RGB values with a probability of 85%. Fig. 8
shows that this addition improves the training, and it makes the
neural network more robust, resulting in cleaner material maps.

5. Synthetic evaluation

To evaluate our approach, we primarily refer to 3 methods that
allow relighting materials: MaterialGAN [GSH*20], as an estab-
lished deep-learned method for estimating the SVBRDF from a
set of flash photographs; Correlation-Aware [LSM*24] as a more
recent work that follows a similar philosophy with significant
changes to the neural network architecture and optimization strat-
egy; and finally RTI, as a widely-used relighting method.

© 2026 The Author(s).
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To verify that our method is viable, we first test it on synthetic
data for which the ground truth is known. Large datasets with
ground truth are, for example, OpenSVBRDF [MXZ*23] and Mat-
Synth [VD24], which is a collection of many datasets. We chose a
subset of 200 materials from MatSynth, specifically materials that
have a CCO license and are not from [DAD*18] as both Mate-
rial GAN [GSH*20] and Correlation-Aware [LSM*24] used it for
training. Out of the 200 materials, 100 are randomly sampled from
the dataset after the filtering described above. The other materials
are selected by taking the top 100 items after sorting the materials
by a glossiness score: the amount of pixels with high metallicness
and low roughness; this selection is made to ensure that glossy ma-
terials form a sufficiently large part of our evaluation.

The materials are represented by base color, metallicness, rough-
ness, and normal map textures, and we assume the same Principled
BRDF model as in the rest of this paper. The ground truth mate-
rials are placed in virtual environments and rendered, resulting in
synthetic input images, which are then used to fit the following re-
construction methods: Material GAN, Correlation-Aware, and our
method, all of which take multiple images as input. We target an
accurate reconstruction of the material properties, which requires
several observations of the material; therefore, we use 9 input im-
ages in our experiments and do not compare to single-image meth-
ods. RTT is out of the scope for this synthetic evaluation because it
does not allow re-rendering with arbitrary novel illuminations.

5.1. Generating synthetic inputs

Collocated flash images Material GAN and Correlation-Aware
use an identical format for the inputs: a flat material sample is ren-
dered in Mitsuba 3 from 9 different angles with a perspective cam-
era with a collocated light source simulating a phone flash. Just
like in a real capture setup, we assume the exact camera position
is unknown, so we render positional markers around the sample
that the methods use to reconstruct the camera position. We follow
the capture instructions and Python implementations of the original
method authors.

Images for our method For our method, we need to model indi-
rect bounce light, which requires a more involved setup to simulate.
To remain as close as possible to a real acquisition environment, we
use a 3D model of a furnished room illuminated by a moving area
light. We moved and rotated the area light 9 times to illuminate
the room in different ways, pointing at the walls and furniture, just
like during a real capture session. The modeling and rendering was
done in Blender, producing 9 different environment maps, which
are then used to render the actual samples. That is, the final render-
ings are done in Mitsuba 3 to ensure consistency between the inputs
of the three methods.

5.2. Results

We take the output SVBRDF textures estimated by each of the three
methods and perform a comparison to the ground truth. Since our
method and the other methods use a slightly different SVBRDF
representation, we do not compare all the textures pixel-by-pixel
as that would be meaningless. Instead, we (1) compare the normal
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Figure 9: Relighting errors on synthetic SVBRDF maps. Ground
truth images are compared to renderings using SVBRDF textures
predicted by our method, by MaterialGAN [GSH*20], and by
Correlation-Aware [LSM™*24].
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Figure 10: Accuracy of normal vector predictions on synthetic
SVBRDF maps. Ground truth normal maps are compared to ones
reconstructed using our method, MaterialGAN [GSH*20], and
Correlation-Aware [LSM*24]. Note that the two plots display the
same data, differing just in the scale of the vertical axis.

vectors and (2) render the reconstructed materials under previously
unseen illuminations and compare the renders to ground truths. For
a comprehensive evaluation of the materials through rendering, we
make three categories of novel illumination: Blender Room — where
we move and rotate the area light 9 more times to create new en-
vironment maps in a similar fashion to our training setup, Diverse
Environment Maps — using both outdoors and indoors environment
maps collected from the internet, and Point Lights — obtained by
moving a point light at different positions above the material, cre-
ating similar images to the training views of Material GAN and
Correlation-Aware.

The quantitative comparison of our method method with the
baselines is presented using violin plots in Figure 9 and Figure 10,
aggregating the results for 3 metrics: RMSE, LPIPS for renderings
under novel illuminations, and cosine similarity for the predicted
normals. As shown in Fig. 10, the normals predicted using our ap-
proach are significantly closer to the ground truth, with virtually all

" Material A GT normals [GSH*20] [LSM*24]

Figure 11: Qualitative comparison on synthetic data: ground truth
(GT), our method, Material GAN, and Correlation-Aware. Two of
the materials are highly glossy: the second row is a fully metallic
Christmas ornament, and the fourth row is a metal foil. For relight-
ing renders from all three methods, see the supplement.

predictions having a cosine similarity higher than 0.99. The average
cosine similarity for our method is 0.998, which corresponds to an
error of approximately 3.6 degrees. The advantage of our method
over the baselines is also visible in the rendering-based metrics, as
our approach yields better metrics on all three illumination cate-
gories considered.

We include in Fig. 11 a qualitative comparison of the normals
produced by our method and the baselines. Note that our method is
trained on a random distribution of SVBRDF parameters and has
never seen the synthetic dataset, yet it achieves a very high accu-
racy. Please find additional comparisons, which include renderings
for novel illuminations, in the supplementary material.

6. Evaluation on real captures

We also perform a qualitative comparison on real captures, during
which we test a large set of materials from various objects, in three
different rooms, using two different illuminants, and we also com-
pare some of our results to Material GAN, Correlation-Aware, and
RTTI techniques.

6.1. Acquisition setup

We use an acquisition setup following the diagram in Fig. 1 and
photos in Fig. 13. The material samples are placed on a flat sur-
face. Next to the samples is a reflective, metallic sphere, which is
captured as part of the photographs and is later used to reconstruct
the environment maps {Ei}?lzl (Fig. 4). The camera is attached to
a tripod and aimed down toward the sample. Ideally, the camera is
sufficiently high (about 1.3 m in our case) and lens with high focal
length is used such that the rays from the sample are more or less
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Input photographs (2 examples)
Normal map

Figure 13: Photographs of our simple acquisition setup

parallel, resulting in a projection close to orthographic. We have
successfully tested the setup with two different DSLR cameras and
two different lenses, Canon EOS 6D Mark II with Canon EF 24—
105mm f/4L IS USM lens (set to 105 mm focal length), and Canon
EOS 250D with Canon EF 85mm /1.8 USM lens.

To illuminate the room, we used an LED floodlight aimed toward
an arbitrary direction, away from the material; we use an inexpen-
sive floodlight, as only a moderate amount of power is required. For
each photograph, the light is directed in a different way, changing
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Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.

Our reconstructed SVBRDF textures
Roughness

Metallicness Base color

) 'Vr ”’v

1’“ s 2] N
W i | 2R
S’-"&W”‘@f NS

the environment illumination. Hypothetically, if the lighting condi-
tions could not be easily controlled, the environment could remain
static and instead the material could be rotated (e.g., by using a
turntable), but we have not tried this approach.

Since the camera does not move between captures, our pho-
tographs are directly pixel-aligned, and we do not require mark-
ers for registration. As an additional benefit, we do not suffer from
misalignments due to parallax, which is in contrast to other meth-
ods that move the camera around the material and then have to do
a re-projection of the captures. To avoid confusion, we note that
markers can still be seen in some of our captures, but these markers
were used in other to generate comparisons to other methods that
require them, specifically Material GAN and Correlation-Aware.

6.2. Sample captures “in the wild”

In Fig. 12, we show a subset of our results in real-world scenes.
To highlight the robustness of our approach, we captured 30 differ-
ent objects featuring roughly 70 different materials in total. These
scenes were captured “in the wild” with the minimal version of
our setup (Fig. 13), without any positional markers that would be
needed to generate comparisons to other methods. The captures
were performed in two different rooms: one which features a green
reflector to demonstrate resilience against tinted environments, and
one which is very small, severely challenging the environment map
illumination assumption; nonetheless, we obtained reasonable re-
sults in both scenarios.
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Figure 14: Visualization of the material maps obtained using our method compared to a recent deep-learning-based SVBRDF estimation
method [LSM*24], and RTI normal reconstruction. All results in this figure were based on 9 input photographs (not visualized). Notice the

high fidelity of our normal maps compared to the baseline. A larger-scale comparison including Material GAN [GSH*20] is available in the
supplementary material.
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Figure 15: Qualitative comparison for the relighting scenario (synthesis under the same top-down camera view but with novel directional
illumination), under which all methods can be evaluated. The environment maps, RTI flash light positions, and novel light positions are
visualized in the supplement. Please note that even though the photos were white balanced, some color inaccuracies were inevitable as the
individual methods were captured under different spectra (LED floodlight vs. camera flashes).

6.3. Captures with comparisons

In Figs. 14 and 15, we show additional results compared to other
methods. To ensure fair comparisons, we had followed the acquisi-
tion protocol of each method. For example, Material GAN and Cor-
relationAware require a frame with ArUco markers; and RTI re-
quires dark spheres around the sample to detect the flash direction.
All the samples were placed in a custom-made frame with regis-
tration markers, multiple spheres, and color checkers, such that all
methods could be aligned together and each method was given the
benefit of its ideal capture regime.

In Fig. 14, we illustrate the material maps estimated by the dif-
ferent methods. Since [LSM™24] uses a different parametrization
and RTI does not rely on a parametric model, the results are not
1-to-1 comparable. However, all approaches can deliver normal
maps, which are a powerful indicator of the method’s ability to
accurately recover the properties of the material. The figure sug-
gests that both our method and RTI recover plausible normal maps,
whereas Correlation-Aware tends to predict flatter geometry and
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inverted structures. In contrast to RTI, our representation is easily
amenable to novel environment illumination and can be directly in-
corporated into most modern rendering systems.

In Fig. 15, our method is compared with the baselines by ren-
dering the material under novel illumination. We perform the eval-
uation using a point-light source, which is advantageous for all
baselines, as this conforms with the captures they use during fit-
ting. Nevertheless, our method generally produces images of higher
quality, which more closely adhere to the novel lighting condi-
tions. This is especially noticeable for glossy materials, such as the
medallion, the Versace box, and the Merci label. MaterialGAN and
Correlation-Aware offer good results mostly for diffuse surfaces, or
materials with low normal variation. RTI yields impressive render-
ings; however, it requires significantly more images compared to
our method, and, due to the image-based representation used, the
results cannot be rendered from novel views (consider Fig. 16).

Model limitations We note here that none of the approaches,
neither ours nor the ones we compare to, explicitly model self-
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Figure 16: Unlike RTI methods, where the view direction is fixed,
our SVBRDF estimation allows rendering the sample both from a
novel view (camera angle) and with a novel illumination. A short
video sequence of rotating the camera and sample around the envi-
ronment is available in the supplement.

occlusions and shadows. That can lead to ghost artifacts when re-
constructing taller objects with non-flat geometry (see the last row
of Fig. 15). RTI’s image-based representation can contend with this
effect more easily as it simply bakes shadows into the correspond-
ing light directions, but methods that directly reconstruct SVBRDF
textures cannot do that. A related limitation is that by representing
the geometry of the materials as normal maps, we do not consider
secondary light bounces within the material, which can hurt the
prediction accuracy. Finally, we observe that our method tends to
reconstruct very dark materials as metallic, even when they are di-
electric (noticeable in Fig. 12). We suspect that to be caused by a
singularity in the BRDF model: a black metallic object observed
from the top is indistinguishable from a black dielectric.

Capture limitations Our capture setup assumes that the camera
rays are collimated (orthographic projection) and that the envi-
ronment illumination is infinitely far, which would limit the rel-
ative sizes of captured objects compared to the room. The lat-
ter limitation could be tackled with a non-distant environment
emitter [LYX*24]. Alternatively, one could consider extending
the capture to natural outdoor illumination in a timelapse fash-
ion [SMPRO7].

Scaling with the number of input photographs We study how
our method scales with the number of input photographs (and, im-
plicitly, the number of environment illuminations) in Fig. 17. This
study is required as, generally, the SVBRDF reconstruction prob-
lem is ill-posed. However, we can see that the ambiguity quickly
decreases with the number of input images as our indirect illumina-
tion creates a rich signal, so the quality of our results also converges
very fast. Fig. 17 shows that reasonable results can be obtained with
as few as 6 images. The key to use as few photographs as possible
is to point the indirect illumination at different sides of the environ-
ment in each photograph, otherwise the normal maps would not be
properly reconstructed.

7. Conclusion

Capturing material appearance is a long-studied topic that received
an increased attention with recent neural SVBRDF methods trained
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on large datasets. Still, capturing glossy materials remained a tech-
nical challenge because of aliasing and missing the directions
where the light sources were located. We showed that walking
around the sample while aiming a light source away from it (in-
stead of directly at the sample) results in low-frequency indirect
lighting and lower dynamic range, providing rich information about
the material’s properties. We designed a small neural network that
can be trained to directly predict material properties, deliberately
overfitted to the given environment illuminations without any pre-
collected datasets. Our approach is validated on both synthetic and
real scenes, which we capture with several types of illumination
in order to ensure that the results are comparable across different
methods. Our results show consistency even for samples that are
glossy and have a surface geometry that we can reconstruct from
our high-fidelity normal maps. That allows 3D rendering of the
samples from various camera angles and under varying illumina-
tions.

We see the key importance of our method in demonstrating that
capturing with indirect bounce light is significantly more robust
than previous techniques; and showing that neural SVBRDF es-
timators can be trained on the fly, within minutes on a consumer
GPU, without relying on huge datasets.
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