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Figure 1: Using as few as 16 ∼ 32 lighting patterns (a) learned from a large amount of reflectance data, we efficiently capture
photographs (c) of a planar physical sample in a mini, near-field lightstage (b), and faithfully reconstruct its SVBRDF that can
be rendered under novel lighting and view conditions (d).
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1 INTRODUCTION
Digitally acquiring high-quality material appearance from the real-
world is challenging, with applications in visual effects, e-commerce
and entertainment. One popular class of existing work is based on
hand-derived illumination multiplexing [Ghosh et al. 2009], using
hundreds of patterns in the most general case [Chen et al. 2014].

We propose a novel framework [Kang et al. 2018] that automat-
ically learns the lighting patterns for efficient reflectance acqui-
sition, as well as how to faithfully reconstruct spatially varying
anisotropic BRDFs and local frames frommeasurements under such
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patterns. Our core is an asymmetric deep autoencoder, consisting
of a nonnegative, linear encoder which corresponds to the lighting
patterns used in physical acquisition, and a stacked, nonlinear de-
coder which computationally recovers the BRDF information from
photographs. We capture high-quality SVBRDFs with only 16 ∼ 32
lighting patterns, in 12 ∼ 25 seconds. Our framework is useful
for increasing the efficiency in both novel and existing acquisition
setups.

2 OUR APPROACH
We propose a deep autoencoder that automatically learns to encode
and decode the lumitexel [Lensch et al. 2003] at each point on the
physical sample, for a given number of lighting patterns. We then
fit a BRDF along with a local frame to the reconstructed lumitexel.
The procedure is performed independently for every point on the
sample, producing texture maps that describe the final 6D SVBRDF.

Specifically, the encoder network is implemented as a convo-
lutional layer with no padding. We treat all lighting patterns as a
single convolution kernel of c × 1× #, where c is the dimension of a
lumitexel and # is the number of lighting patterns. The decoder net-
work has 11 fully connected layers, to avoid making assumptions
on the spatial relationships between elements in the lumitexel.

After training with a large number of synthetic data, our deep
autoencoder can faithfully recover a wide variety of BRDFs, ranging
from sharp isotropic or narrow anisotropic specular lobes to broad
diffuse ones. Furthermore, our approach is highly flexible as the
training is performed in a data-driven fashion that can adapt to
various factors (e.g., the setup’s geometry).
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