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Abstract—Recently, single-image SVBRDF capture is formu-
lated as a regression problem, which uses a network to infer four
SVBRDF maps from a flash-lit image. However, the accuracy is
still not satisfactory since previous approaches usually adopt end-
to-end inference strategies. To mitigate the challenge, we propose
“auxiliary renderings” as the intermediate regression targets,
through which we divide the original end-to-end regression task
into several easier sub-tasks, thus achieving better inference
accuracy. Our contributions are threefold. First, we design
three (or two pairs of) auxiliary renderings and summarize the
motivations behind the designs. By our design, the auxiliary
images are bumpiness-flattened or highlight-removed, containing
disentangled visual cues about the final SVBRDF maps and can
be easily transformed to the final maps. Second, to help estimate
the auxiliary targets from the input image, we propose two mask
images including a bumpiness mask and a highlight mask. Our
method thus first infers mask images, then with the help of the
mask images infers auxiliary renderings, and finally transforms
the auxiliary images to SVBRDF maps. Third, we propose
backbone UNets to infer mask images, and gated deformable
UNets for estimating auxiliary targets. Thanks to the well-
designed networks and intermediate images, our method outputs
better SVBRDF maps than previous approaches, validated by
the extensive comparisonal and ablation experiments.

Index Terms—SVBRDF, auxiliary rendering, bumpiness, high-
light.

I. INTRODUCTION

OBJECTS are comprised of diverse materials, such as
metal, plastic, stone, and wood, etc., exhibiting varying

appearances due to their distinctive reflectance properties.
For opaque materials, reflectance is typically modeled by
a 6D Spatially-Varying Bidirectional Reflection Distribution
Function (SVBRDF), e.g., Cook-Torrance model [1] which
characterizes materials by four SVBRDF maps: surface normal
N, diffuse albedo D, roughness R, and specular albedo S.
The Cook-Torrance SVBRDF model establishes a rendering
equation that can generate a visually-realistic image I given
the four SVBRDF maps in conjunction with a pair of lighting
and viewing directions:

I = R ((N,D,R,S), (l,v)) . (1)

where l and v are lighting and viewing directions respectively,
and R is the rendering function. However, despite the straight-
forward nature of the forward rendering in Eq. 1, the inverse
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problem of estimating the four SVBRDF maps from an image
has long been a challenging issue.

Previous research [2; 3; 4; 5] attempt to sample the re-
flectance function of material with physical equipments, suf-
fering from the time complexity of the sampling. Approaches
of [6; 7; 8; 9; 10; 11; 12] simplify the sampling procedure
by assuming strong priors, which may fail whenever the
assumptions are not satisfied. Recently, Ma et al. [13] proposed
a high-quality reflection acquisition system consisting of 2
cameras and 16,384 LEDs, which greatly reduces the time
of the physically capturing to 15 minutes per sample.

On the other hand, deep networks have been employed to
infer SVBRDF parameters from as few as a single image.
Many of these methods are regression-based, designing and
training neural networks to output the four SVBRDF maps
given an input image. For example, Deschaintre et al. [14]
augmented the UNet [15] with a global branch for single-
image SVBRDF capture. Li et al. [16] utilized an encoder-
decoder style network improved by incorporating a classifier in
the middle to process different material types separately. Guo
et al. [17] proposed a highlight-aware convolution operation
to effectively handle highlights within an image.

We observe that the aforementioned methods are end-to-
end approaches, i.e., they directly infer the target material
maps given the input image. Since the appearance of the target
images are very different from that of the input image (e.g., the
normal map looks very different from the corresponding input
image), we argue that it is beneficial to introduce guidance into
the end-to-end inference pipeline, providing regularization to
the challenging task. Let I → (N,D,R,S) represents the
end-to-end regression task that outputs (N,D,R,S) from the
input I. We adopt the intermediate-target-guided paradigm of:

I → A → (N,D,R,S), (2)

where A represents the intermediate targets. This idea was
originally exploited in the work of MaterIA [18] which first
estimates an irradiance map and then uses it to assist the
estimation of the normal map. We go further in this paper
to apply this strategy to all the four material components. The
main contribution of this paper is the proposition of a set of
meaningful and useful intermediate targets.

To make our method effective, the two sub-tasks of I → A
and A → (N,D,R,S) should be easier than the original
end-to-end task. That means, A should be similar to the
input I, while at the same time being able to be transformed
to (N,D,R,S) easily. To meet the two requirements, we
propose to rely on the forward rendering function R in Eq. 1 to
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render images of A, which we term as “auxiliary renderings”
(or “aux-renderings”). As the aux-renderings are generated by
the same rendering function as the input image and share some
material components with it, they tend to look similar to the
input image to a certain extent. We propose a total of three
aux-renderings. In conjunction with the input image, they form
two pairs of images that contain visual cues about the target
SVBRDF maps, such that they can be easily transformed to
the SVBRDF maps. The proposed aux-renderings are called
bumpiness-flattened and highlight-removed auxiliary images.
For more detailed information about them, as well as the
rationale and considerations behind our designs, please refer
to the main text.

Although the proposed aux-renderings show similar appear-
ance to the input image, the difference between them is still
prominent. For instance, the highlight-removed aux-renderings
do not have highlights while the input image does. To further
facilitate the inference of aux-renderings from the input image,
we propose two mask images, namely a bumpiness mask and a
highlight mask, achieved by modifying the rendering function
R. Ultimately, our method comprises three stages:

I → M → A → (N,D,R,S), (3)

i.e., inferring mask images from an input image, then inferring
aux-renderings with the aid of the mask images, and finally
inferring SVBRDF maps from the input and auxiliary images,
where M represents the mask images.

We design different networks to fulfill tasks at different
stages. For mask images, we design backbone UNets that
leverage EfficientNet-B3 [19] as the backbone network, which
owns the ability to recognize low/highlight regions in im-
ages due to its pre-training on extensive datasets. For aux-
renderings, we propose gated deformable UNets with higher
inpainting capabilities to remove bumpiness and highlight
effects in images. With the effort on the intermediate images
and networks design, we can finally rely on a simple UNet
from [15] to estimate SVBRDF maps from an input image.

In summary, the contributions of our paper are:
� We propose a multi-stage single-image SVBRDF estima-

tion method with aux-renderings as intermediate targets,
and we propose a total of three aux-renderings.

� To help infer the aux-renderings from an input image, we
further propose two mask images, including a bumpiness
mask and a highlight mask, obtained by modifying the
forward rendering function.

� We propose backbone-UNets for inferring the mask im-
ages, and gated deformable UNets for inferring the aux-
renderings, which output satisfactory inverse inference
results as validated by the experiments.

II. RELATED WORK

A. Material Models and Traditional Acquisition Methods

There are different kinds of materials in this world, for
which different representation models have been proposed,
e.g., BSSRDF [20], BTDF [21], and BRDF [22], etc. Among
them, BRDF assumes light hitting a surface point leaves

the surface at the same point, which is suitable for mod-
eling materials with nearly flat and opaque surfaces [23].
In this paper, we are interested in spatially-varying BRDF
(SVBRDF). Compared with BRDF that represents reflectance
characteristics of homogeneous materials, SVBRDF is an
extension of BRDF to non-homogeneous materials. One of
the most famous SVBRDF models is the Cook-Torrance
model [1], the reflection function of which is defined on four
material properties including surface normal, diffuse albedo,
roughness, and specular albedo. Our work is based on the
Cook-Torrance model and tries to estimate the four spatially-
varying reflectance parameters given only one image.

Traditional SVBRDF capture approaches usually require
hardware setups to spatially or angularly sample a material
from many different lighting and viewing directions [7; 12; 24;
25; 26; 27; 28; 29; 30; 31]. The cumbersome equipments pre-
vent novice users from using these sophisticated approaches,
hindering the widespread application of these methods. Many
approaches use affordable mobile phones or RGB-D cameras
for SVBRDF capture [8; 11; 32; 33; 34; 35; 36], but usually
assume priors on the target materials. For example, the work
of [8] assumes repetitive textures as input. The methods of
[10; 11; 12; 37; 38] simplify the measured BRDFs to be
approximately represented by a linear combination of basis
functions such as spherical harmonics or wavelets. These
assumptions limit the kinds of materials they can handle. This
line of research is constantly developing. For example, Ma
et al. [13] proposed a new capturing system consisting of
2 cameras and 16,384 LEDs which can capture high-quality
SVBRDF in less than 15 minutes. Using their system, they
collect a dataset of 1000 SVBRDFs from real images.

B. Deep Learning-based SVBRDF Capture

Probably Aittala et al. [39] were the first adopting neural
networks for texture SVBRDF capture, measuring the distance
between texture patches based on networks. Li et al. [40]
(further improved by [41]) proposed the first neural network
that directly regresses SVBRDF maps from an image with
a dataset self-augmenting strategy. Works of [14] and [16]
contribute to the community large-scale synthetic datasets.
Based on the datasets, Deschaintre et al. [14] augmented the
UNet [15] with a global branch for single-image SVBRDF
capture. Li et al. [16] adopted an encoder-decoder network
incorporating with a classifier. Guo et al. [17] proposed a
highlight-aware convolution operation to handle highlights in
input images. Henzler et al. [42] proposed a method first con-
verting photos into latent material codes and then generating
infinite BRDF model parameters conditioned on the codes.
Wang et al. [43] leveraged the assumption that a material is a
linear combination of a set of basis materials. They proposed
a nice two-level model for estimating the basis materials
and their corresponding weights. The mentioned approaches
perform end-to-end inverse SVBRDF estimation. Differently,
we design auxiliary renderings as intermediate targets in the
middle of the SVBRDF recovery process.

The above approaches admit a single image as input, while
there are methods requiring multiple images as input. In



JOURNAL OF LATEX CLASS FILES, VOL. XX, NO. XX, XX 2023 3

Fig. 1. Given an imageI , our method estimates SVBRDF maps (i.e.,N ; D ; R ; S) in three stages. First, we generate two mask imagesM b andM h (denoting
bumpiness mask andhighlight mask) from the input imageI , using the proposed backbone UNets. Then with the help of the mask images, we generate three
auxiliary imagesI bf , I hr , andI hr 2 in the second stage by gated deformable UNets. Finally in the third stage, SVBRDF maps are inferred from combinations
of the input and auxiliary images, ful�lled by UNets in its original form [15]. Please see the main text for more detailed pipeline of the method.

[44], the single-image method of [14] is extended to handle
multiple images. In [45], the obtained SVBRDF parameters
are further transferred to large-scale objects of similar appear-
ance. Instead of regression, methods of [46; 47; 48] exploit
optimization-based approaches. They train latent SVBRDF
parameter spaces and optimize in the space to �nd a solution
that best reproduces observations. Zhou et al. [49] and Fischer
et al. [50] employ meta-learning to combine the advantages of
both regression and optimization approaches. Fan et al. [51]
proposed a re�ection acquisition method from two images cap-
tured by a wide-angle lens and a zoom lens of a smartphone.

Besides the above image-to-image translation models, there
are also methods for conditional/unconditional general of
materials [52; 53; 54]. For example, Vecchio et al. [55] used
discriminators to minimize the distribution difference between
SVBRDF maps of real and synthetic images. Zhou et al. [56]
recovered SVBRDF maps of one real image, and the light
position of another real image. Then the re-rendered image
using SVBRDF maps of the �rst image and the light of the
second image was compared with the second real image by a
discriminator. Works of [57] and [58] recover SVBRDFs maps
in purely unsupervised ways, where Zhao et al. [57] recovered
and synthesized large SVBRDF maps jointly, while the method
of [58] was designed to process stationary materials using a
Fourier coef�cient-based loss function.

There are emerging works [18; 58; 59; 60; 61; 62; 63]
on tileable and controllable material generation, on high-
resolution SVBRDF capture, and on material transfer. Among
them, MaterIA [18] observes that some material components
are easier to estimate than others. Therefore, the easier com-
ponents can be estimated at �rst and then be used to assist the
estimation of the other components. For example, MaterIA �rst
computes irradiance, and then computes the normal map from
the combination of the input and irradiance images. Different

from our approach, MaterIA only applies this strategy to the
estimation of the normal map, while we design two mask
images and three auxiliary maps to assist the estimation of
all kinds of material components. Besides, the recent work
[64] optimizes planar lighting pattern, while our method works
under point light source. Compared to our method that handle
nearly planar surfaces, works of [35; 36; 65; 66; 67] recover
both shape and SVBRDFs of more complex scenes (such as
shiny 3D cultural relics [67]).

III. O UR METHOD

A. Overview

Figure 1 shows the pipeline of our method. We recover four
SVBRDF maps(N ; D ; R ; S) from a single �ash imageI that
captures a nearly planar surface lit by a �ash, according to
the Cook-Torrance model [1]. Our method is composed of
three stages. First, we propose “backbone UNets” to extract
bumpiness and highlight masks (denoted asM b and M h )
from I . Second, we design gated deformable UNets to generate
three aux-renderings including bumpiness-�attened imageI bf ,
and highlight-removed imagesI hr and I hr 2 . Third, the aux-
renderings together with the input image are transformed to
SVBRDF maps by UNets [15].

In the following, we �rst show how we prepare the in-
termediate images, and the motivations behind the designs.
Then, we describe the details of the backbone UNet and
gated deformable UNet that compose our network. Finally,
we introduce losses used to train our model.

B. Auxiliary Renderings

Our method assumes a dataset that is composed of tuples of
(I ; N ; D ; R ; S), whereI is an input image, andN ; D ; R ; S are
the ground-truth SVBRDF maps of the input image. We use
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N I N u I bf

Fig. 2. Examples ofI andI bf whereI is rendered with normal mapN while
I bf is rendered withN u . Visually, I exhibits bumpiness effect matching the
spatial variation inN . SinceN u is smooth, the corresponding imageI bf is
free of bumpiness effect.

the following ways to further generate three auxiliary images
used for training our method.

Bumpiness-Flattened Auxiliary Rendering. I bf is pro-
duced by:

I bf = R ((N u ; D ; R ; S); (l; v)) : (4)

Compared with Eq. 1, the only difference is that the original
normal mapN is replaced with a uniform normal mapN u . In
our setup, every pixel of the uniform normal mapN u is �lled
with (0:5; 0:5; 1). Figure 2 gives examples ofI and I bf . As
can be seen,I contains bumpiness effect caused by the normal
variation inN , while I bf does not sinceN u used to generate
it is smooth everywhere.

Highlight-Removed Auxiliary Rendering. I hr is obtained
by computing the mean of a set ofI bf :

I hr =
1
K

KX

k=1

I k
bf : (5)

where K = 100 is the number ofI bf , and thekth one is
obtained by:

I k
bf = R ((N u ; D ; R ; S); (lk ; v)) : (6)

All I bf share the sameN u , D , R , S, andv, but are rendered
under different lighting conditionslk (please refer to the
supplemental material for the lighting scheme).

Figure 3 shows examples ofI bf and the corresponding
I hr . It can be seen that in differentI bf , different regions
are illuminated. Thanks to the average operator in Eq. 5, the
highlight effect is removed fromI hr . That is why we callI hr

a highlight-removed image.
Highlight-Removed Auxiliary Rendering with High

Roughness.The generation process ofI hr 2 is very similar
to that of I hr . First, we generate different temporary images:

I k
tmp = R ((N u ; D ; R 1; S); (lk ; v)) : (7)

Compared with Eq. 6, besides replacingN with N u , we
further replace the roughness mapR with R 1 which is �lled

Input I bf under different lights I hr

I tmp under different lights I hr 2

Input I bf under different lights I hr

I tmp under different lights I hr 2

Fig. 3. Top row of each example showsI bf lit by different lightings and the
correspondingI hr by averaging allI bf , and bottom row showsI tmp lit by
different lightings and the correspondingI hr 2 by averaging allI tmp .

with the highest roughness 1.0 everywhere. Then,I hr 2 is
obtained by averaging all the temporary images:

I hr 2 =
1
K

KX

k=1

I k
tmp : (8)

Similarly, we show examples ofI tmp and the corresponding
I hr 2 in the bottom row of Figure 3. Since the roughness is very
high in I tmp , the highlight effect inI tmp is weaker than that
in the correspondingI bf . By averaging allI tmp , the highlight
effect is further removed from the obtainedI hr 2 .

C. Motivations Behind the Designs

Now, we introduce the philosophy behind the design of the
above three auxiliary images.

Generating Auxiliary Renderings Computationally In-
stead of Physically.We generate all the auxiliary renderings
in computational manners rather than �nding physically mean-
ingful renderings as intermediate targets. That is because it
is convenient to modify the input parameters of the forward
SVBRDF rendering function to obtain different rendered im-
ages, while �nding a physically meaningful intermediate tar-
get requires professional material design and use experience.
In addition, since there are many alternatives for the input
parameters and their combinations, the design space of the
computational way is large, and there are more chances to
�nd quali�ed intermediate targets. In comparison, physically
meaningful renderings are rare and provide far fewer options.

Relying on the Forward Rendering Function for the
Generation.We always rely on the forward rendering function
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I I bf I hr I hr 2 D + S
Fig. 4. From left to right: input imageI , the corresponding bumpiness-
�attened image I bf , highlight-removed imagesI hr and I hr 2 , and the
visualization of the sum of diffuse (D ) and specular (S) maps.

to generate aux-renderings, e.g.,I bf , I hr andI hr 2 are obtained
based on the rendering functions in Eq. 4, Eq. 6 and Eq. 7,
respectively. Since both the input and aux-renderings are gen-
erated through the forward rendering equation, the differences
between them are only caused by the changed SVBRDF
parameters. The remaining material parameters and the shared
lighting and viewing directions allow the aux-renderings to
maintain similar appearance to the input image.

Figure 4 shows examples of input imagesI and the corre-
spondingI bf , I hr and I hr 2 . Taking I and I bf as examples,
although the normals are �attened,I bf exhibits similar object
structure and textures toI due to the remaining unchanged
material parameters. Since more parameters are changed when
renderingI hr and I hr 2 , they are farther away from the input
image in appearance. However, we can still observe similar
elements betweenI and I hr (or I hr 2 ). These connections
between the input and aux-renderings reduce the dif�culty of
inferring the aux-renderings from the input image.

One may �nd thatI hr 2 may be theoretically similar to the
sum of diffuse and specular maps (i.e.,D + S), since they are
both computed based on the diffuse and specular maps (see
the top row of Figure 4). However, sinceI hr 2 is generated
through the forward rendering function, it is further affected by
the rendering process and the lighting and viewing directions.
Compared withD + S, I hr 2 has more similar light/shadow
effects as the input image (see the bottom row of Figure 4.
Ablation studies in Section IV-E5 also demonstrate that it is
easier to generateI hr 2 thanD + S given an input image.

Using Pairs of Renderings as Intermediate Targets
Instead of Only One. At �rst glance, one may be confused
by the too many auxiliary renderings we propose. In fact, we
just propose two pairs of renderings. They are(I ; I bf ) and
(I hr ; I hr 2 ), where I and I bf are different in the parameter
of normal, whileI hr and I hr 2 differ in roughness. Our core
idea is to use a pair of renderings instead of only one as the
intermediate targets to infer SVBRDF maps, leveraging the
difference between the pair of renderings. We use(I ; I bf ) to
infer the normal map.I contains bumpiness effect caused by
the normal map whileI bf does not (see Figure 2). Feeding
them together to a neural network can help the network
identify the difference between them to output the normal map.

We use(I hr ; I hr 2 ) to infer the remaining diffuse, roughness
and specular maps. First, they are both rendered with the
uniform normal map. Using them as intermediate targets, we

I I hr I hr 2 R

I I hr I hr 2 S

Fig. 5. Top row shows an example whereI hr is highly correlated with the
roughness mapR , while I hr 2 is not since it is rendered with the highest
roughness everywhere. Bottom row shows an example of how roughness
affects the rendering effect of specular albedo: high specular (seeS) looks dark
(seeI hr ), but becomes brighter (seeI hr 2 ) after setting a higher roughness.

avoid the in�uence of normals when inferring the three maps.
Second, sinceI hr is rendered using the original roughness
map, it contains appearance changes caused by spatially vary-
ing roughness (see the correlation betweenI hr and R in the
top row of Figure 5), whileI hr 2 does not because it is rendered
with the same roughness everywhere (seeI hr 2 in the same
row). This allows the network to infer the roughness map from
the difference betweenI hr and I hr 2 . Third, we �nd that the
roughness essentially in�uences the effect of specular albedo.
High specular material usually has low roughness and looks
dark whennot viewing from the mirror re�ection direction (see
the zoomed-in part ofI hr of the second example of Figure 5).
By setting the high-specular material with the roughness of
1.0, it is rendered to be brighter than before (see the same
part of I hr 2 ). This difference facilitates the network to infer
the specular map from(I hr ; I hr 2 ). Finally, we use(I hr ; I hr 2 )
to infer the diffuse map too, for simplicity.

We have also attempted to use the way processingN to
estimate the other three maps, which however fails. Please
refer to the supplemental material for more interpretations.

Handling Highlights. If there is no highlight,I bf and
I tmp suf�ce to infer the diffuse, specular and roughness
maps. However in our setting, the input image is lit by �ash.
Highlights help reveal specular and roughness components
but make a part of pixels completely saturated. Previous
approaches attempt to repair the saturated region with im-
proved convolutional operators [17]. Differently, we employ
the highlight-free imagesI hr andI hr 2 as intermediate targets
to explicitly guide the model to inpaint the highlight regions.

Toy Experiment. To validate the effectiveness of the
proposed auxiliary renderings, we conduct a toy experiment
that directly transforms the ground-truth aux-renderings to
SVBRDF maps using UNets [15]. Please see Section IV-E1
for the upper-bound accuracy our method can achieve.
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