Photometric Mesh Optimization for Video-Aligned 3D Object Reconstruction
(Supplementary Material)

1. Architectural and Pretraining Details
We use AtlasNet [2] as the base network architecture for
our experiments. Following Groueix et al. [2], the image
encoder is the ResNet-18 [3] architecture where the last
fully-connected layer is replaced with one with an output
dimension of 1024, which is the size of the latent code.
We use the 25-patch version of the AtlasNet mesh decoder,
where each deformable patch is an open triangular mesh with
52 × 2 = 50 triangles on a 5 × 5 regular grid. We redirect
the readers to Groueix et al. [2] for more details.
In the stage of pretraining AtlasNet on ShapeNet [1] with
textured background from SUN360 [6], we train all networks
using the Adam optimizer [4] with a constant learning rate
of 10−4 . We set the batch size for all experiments to be
32. We initialize the AtlasNet encoder with the pretrained
ResNet-18 on ImageNet [5] except for the last modified
layer (before the latent code), and we initialize the decoder
with that pretrained from a point cloud autoencoder from
Groueix et al. [2].
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Figure 1: (a) Example panoramic (spherical) image and (b)
sample cropped images at different camera viewpoints.

2. Warp Parameterization Details
results. We also take the exponential on the scale s to ensure
positivityl; the resulting scale does not change when s = 0.

We parameterize the rotation component of 3D similarity
transformations with the so(3) Lie algebra. Given a warp
parameter vector ω = [ω1 , ω2 , ω3 ]> ∈ so(3), the rotation
matrix R(ω) ∈ SO(3) can be written as
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3. SUN360 Background Data Generation
The background images from SUN360 [6] are cropped
from spherical images with a resolution of 1024×512, using
a field of view of 90°. Fig. 1 illustrates an example of the
original spherical image and its generated crops.

where exp is the exponential map (i.e. matrix exponential).
R is the identity transformation when ω is an all-zeros vector.
The exponential map is Taylor-expandable as
R(ω) = exp(ω × ) = lim
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