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Figure 1: We propose a novel adversarial framework to estimate SVBRDF parameters from a single image. We also introduce a simple
strategy to train our network on real image pairs in addition to synthetically generated data. From the input images, shown on the left, our
approach estimates a set of four parameters (middle). From top left to bottom right, the parameters are normal, diffiuse albedo, roughness,
and specular albedo. For the synthetic example (top row), our method produces a rendered image that closely matches the appearance of the
ground truth. At the bottom, we show the results of our network trained only on synthetic and hybrid images. Compared to our synthetically
trained network, our network trained on hybrid data is able to better capture the roughness of the scratches on the stone, producing a
scratched appearance in the highlights.

Abstract

In this paper, we propose a deep learning approach for estimating the spatially-varying BRDFs (SVBRDF) from a single image.
Most existing deep learning techniques use pixel-wise loss functions which limits the flexibility of the networks in handling
this highly unconstrained problem. Moreover, since obtaining ground truth SVBRDF parameters is difficult, most methods
typically train their networks on synthetic images and, therefore, do not effectively generalize to real examples. To avoid these
limitations, we propose an adversarial framework to handle this application. Specifically, we estimate the material properties
using an encoder-decoder convolutional neural network (CNN) and train it through a series of discriminators that distinguish
the output of the network from ground truth. To address the gap in data distribution of synthetic and real images, we train our
network on both synthetic and real examples. Specifically, we propose a strategy to train our network on pairs of real images
of the same object with different lighting. We demonstrate that our approach is able to handle a variety of cases better than the
state-of-the-art methods.

CCS Concepts
o Computing methodologies — Reflectance modeling; Image processing;

1. Introduction flectance properties of a material from a single photograph, requires

unraveling these complex interactions and, thus, is challenging. In
The appearance of real-world objects is the result of interactions recent years, several approaches have proposed to tackle this prob-
between the light, geometries, and materials. Estimating the re- lem through deep learning [LDPT17; DAD*18; LSC18; YLD*18].
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Specifically, these approaches train a convolutional neural network
(CNN) to estimate the spatially-varying bidirectional reflectance
distribution function (SVBRDF) from a single flash image of a pla-
nar surface.

However, these methods have two major problems. The first is-
sue stems from the fact that all these techniques train their network
by minimizing a pixel-wise loss (e.g., L1) between the estimated
and ground truth SVBRDF parameters (and/or rendered images).
However, since the problem of single-image SVBRDF estimation is
ill-posed, there exist a large number of acceptable solutions. There-
fore, forcing the network to adhere to the ground truth reduces its
flexibility and negatively impacts the results. Second, since col-
lecting a set of real images and their corresponding ground truth
SVBRDF parameters is difficult, most of these methods [DAD*18;
DAD#*19; LSC18; LXR*18] train their system on synthetic images.
Unfortunately, unlike real images, synthetic images are generated
under perfect conditions. Therefore, the distribution of synthetic
and real images are different, which limits the ability of these ap-
proaches to effectively generalize to real examples.

To address these issues, we propose an adversarial frame-
work [GPM*14] for estimating SVBRDF parameters from a sin-
gle image. Specifically, we use an encoder to extract a set of fea-
tures from the input image and use four decoders to synthesize the
SVBRDF parameters, i.e., normal, diffuse albedo, roughness, and
specular albedo. To train the network, we use a set of five discrim-
inators to evaluate the quality of the four estimated parameters as
well as the re-rendered images. We condition all the discrimina-
tors on the input image to ensure the estimated parameters and re-
rendered images follow the distribution of the input image.

Inspired by the hybrid intrinsic decomposition ap-
proaches [BKRI18; LS18], we propose a mechanism to train
our system on real images without ground truth SVBRDF pa-
rameters. Our key observation is that a pair of real images of the
same object captured with different flash lights can be used for
supervising the network. We use one of the images as the input
and the other as the ground truth. Since the position of the light
in the ground truth image is unknown, we estimate it through an
auxiliary output. We use a discriminator, conditioned on the input
image, to evaluate the quality of our rendered image. The hybrid
training on both synthetic and real examples, helps our network to
produce realistic results on real examples, as shown in Fig. 1. We
show that our adversarial approach outperforms the state of the art
on both synthetic and real images. In summary, our paper makes
the following contributions:

e We propose an adversarial framework to address the ill-posed
problem of single image SVBRDF estimation (Sec. 3).

e We propose a novel strategy to train our network on real image
pairs without ground truth SVBRDF parameters (Sec. 4).

e We demonstrate that our approach outperforms state-of-the-art
methods on both synthetic and real images.

2. Related Work

The problem of estimating the reflectance properties of real-world
materials has been extensively studied in the past. A large num-
ber of approaches propose to do so using specialized hardware

and many input images [GCHS09; WMP*06; DWT*10; GAHOO07;
GCP*10]. For brevity, we only focus on approaches that estimate
reflectance parameters from a small number of images in the wild.

Aittala et al. [AWL*15] propose an approach to estimate the
reflectance properties from a flash/no-flash image pairs. Zhou et
al. [ZCD*16] present a sparse basis model to capture real-world
materials from a few images of an object from different views.
Hui et al. [HSL*17] propose an optimization strategy to reconstruct
SVBRDF and normal from a set of collocated camera-flash images.

The recent approaches use a deep convolutional neural network
(CNN) to handle this application. Aittala et al. [AAL16] propose
an optimization-based neural texture transfer algorithm to estimate
the SVBRDF parameters from a single image. However, their ap-
proach can only handle stationary textures and their output does not
correspond to the input image.

Deschaintre et al. [DAD*18] propose a specifically designed net-
work with a global and a local branch to estimate reflectance given
an input image. Deschaintre et al. [DAD*19] propose several im-
provements and a flexible network architecture to be able to use ar-
bitrary number of images as the input. Deschaintre et al. [DDB20]
proposes a fine-tuning approach to improve the results on the test
example at hand. Li et al. [LSC18] provides pixel coordinates along
with the input image to the network to force the network to behave
differently at different image locations. All these approaches use
pixel-wise loss functions to train their network which limits the
flexibility of the network in handling this underconstrained prob-
lem. Moreover, they use synthetically generated images for train-
ing, which have different data distribution compared to real-world
examples.

Lietal. [LDPT17] attempt to address the gap in data distribution
of synthetic and real images by proposing a self-augmented algo-
rithm to train their network on a real images along with synthetic
images. Ye et al. [YLD*18] improve this approach by proposing
to replace the training on synthetic images with inexact supervi-
sion. The self-augmented training on real images in these methods,
however, provides a weak supervision which is insufficient for pro-
ducing high-quality results.

A couple of more recent techniques, pose the problem as energy
optimization on the test example at hand. Gao et al. [GLD*19] pro-
pose to perform the optimization in the latent space of an encoder-
decoder network. Guo et al. [GSH*20] propose to optimize the
style and noise latent vector of the StyleGAN2 network [KLA*20].
While their approaches are highly effective when multiple images
of the scene are provided as the input, they often struggle to pro-
duce high-quality results from a single input image, as the problem
is highly underconstrained. Zhao et al. [ZWX*20] propose to es-
timate the diffuse map from the input image using a simple strat-
egy and use it as ground truth. They then use the L1 loss between
the estimated and ground truth diffuse map in combination with an
adversarial loss on the rendered images to optimize the network.
However, their method heavily relies on the initially estimated dif-
fuse map. Moreover, their method is not able to handle surfaces
with non-stationary texture. Additionally, the optimization in all of
these approaches is time consuming and, thus, they are inefficient.

In contrast to all of these deep learning methods, we propose
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Figure 2: On the left, we show an overview of our system for training on synthetic images with ground truth SVBRDF parameters. We use
an encoder-decoder architecture with a shared encoder and four decoders to estimate the four parameters given an input image. We alsc
use a set of fully connected layers to estimate the position of input light from the features extracted by the encoder. To train this network on
synthetic images, we use a set of 4 discriminators to evaluate the quality of the estimated parameters. We also use an additional discriminato
to estimate the quality of the rendered images using the estimated parameters. On the right, we show our novel strategy to train our generator:
on real image pairs without ground truth SVBRDF parameters. Given a set of two images of a real scene captured under two different lighting,
we use our generators to estimate the parameters and light position. We then use the estimated parameters frararichttgedstimated

light position b to render an image. We use a discriminator to evaluate the quality of the rendered image with,iosegkds ground truth.

an adversarial framework with a strong supervision on real images the rendering and light position loss terms and we set them to 5 and
through a novel strategy to train the network on real image pairs. 10, respectively. Below we describe each loss in detail.

Parameter LossWe use this loss to enforce the estimated pa-
3. Adversarial SVBRDF Estimation Framework rameterd = G;j(lg) to be indistinguishable from the ground truth
parameter$ . Note that, for synthetically generated data, we have

Given an input imagéy, captured with a ash light at positiog, access to the ground truth parameters. We de ne this loss as fol-

our goal is to recover four SVBRDF parameters, iFe5 fF.gle
corresponding to normal, diffuse albedo, roughness, and specular
albedo. We propose an adversarial framework to handle this appli- £ - | G D)+ | 1l rond G D) + | 5. KG:i (1 Eki: (2
cation, as shown in Fig. 2. Speci cally, we use a set of four gen- ! add Gii D)+ I 1pl tead Gii Di) + 1 2pkGilla) - Fikai (2)

- 4 ;
erat_ors,G_— fGigi=1. to estimate the SVBRDF parameters fro_m Here, L ag(Gi; D) is the adversarial loss based on the least
the input image. Our generators are encoder-decoder convolutlonalsquared formulation (LSGAN) [MLX*17]. Our discriminator is
neural networks (CNN) with shared encoder. In our system, the en- conditional [IZZE17] and takes the input image in addition to the

coder is responsible for encoding the input image into a set of com- estimated or ground truth parameters. By minimizing this loss, the

pact features. Each decoder then synthesizes an SVBRDF paramegenerator tries to estimate parameters that are indistinguishable

t?r from this feature representation. Note that, we use skip COMNEC-om ground truth, while the discriminator tries to effectively dis-
tions betwe_en the encodt_ar and a!l the decoders to be able to pre'tinguish the estimated parameter from ground truth.

serve the high-frequency information. The goal of these generators

is to produce results that are indistinguishable from ground truth. In ~ We also use a feature matching loss [WLZ*18] to stabilize the
addition to the four parameters, we also estimate the position of thetraining. This loss basically minimizes the L1 distance between the
light q from the encoded features through a set of fully connected features at different layers of the discriminator, computed using the
layersG;. This auxiliary output helps the network to understand the estimated and ground truth parameters. The last term in Eq. 2 is the
scene better and also is important for training the network on real L1 loss between the estimated paraméier Gi(lg) and ground
images, as discussed in Sec. 4. truth /. This is a common term in adversarial frameworks and en-
forces the generator to not only fool the discriminator, but also pro-
duce results that are similar to the ground truth. FindllyandlI »

are the weight of the feature matching and L1 losses, respectively.
We setl 1.5 = 10 andl ., = 10 in our implementation.

To effectively train the generators, we use a series of discrimi-
nators that are responsible for distinguishing the fake (estimated by
the generators) from the real (ground truth) results. Speci cally, we
train our system by minimizing the following objective on a set of

synthetically generated images: Rendering LossAlthough the parameter loss ensures that the
4 network produces high-quality SVBRDF parameters, the estimated
Esyn= & Ei+ | rEren+ | |Ey; (1) maps may not reproduce the appearance of the original material.
i=1 Therefore, we use the rendering Id&&sn in Eq. 1 to ensure the es-

where the rst termE; refers to the loss function for the four timated parameters can produce rendered images that are indistin-
SVBRDF parameters. We also use a rendering hssto ensure guishable from the ground truth. Speci cally, we use the estimated
the estimated feature maps are able to produce high-quality ren-feature map$ along with a random light positiop to render an
dered images. Moreove, ensures that our network can accurately  image through the Cook-Torrance model [CT&F ; p) and min-
estimate input light position. Finally,, andl | are the weights for imize the following loss:
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