











depth estimated at the previous resolution. We store these
in h, where
-35) @

B, v,w) = Up(D* ™)) + Ay = 5

Here h(u, v, w) is the w-th depth hypothesis at pixel (u, v).
Up(D*~1) is the depth map at the previous lower resolution
upsampled to the current resolution. A; is the length of the
depth interval we are searching at scale s. N, is the number
of hypothesis depths at the current scale.

Step 2: Cost volume construction. Building cost vol-
ume is a way of robustly searching for matches between a
point (u,v) in the reference image I, and a point on the
corresponding epipolar line in the source image I,,. Con-
cretely, consider a pixel (u,v) in the reference image. For
every hypothesis depth d, we get a corresponding point in
the source image on the epipolar line for (u,v). We denote
this point by (u',v") = warp,, (u,v, d) where

u’ u
v | ~KoRL | [RETd| v |+t —t|. (5
1 1

We then construct a per-image volume:

F_vol} (u,v,w) = Ff(warp(u,v, h(u,v,w))), (6)
where 4 runs over the reference and source views i.e. i €
{r, 81, ..., Sk }. These volumes are then aggregated into a
single cost volume by taking their variance, which checks
for the photo-consistency of the depth proposal d for pixel
(u,v) in the reference image and the corresponding pixels
in the warped sources images sy:

agg_vol®(u, v, w) = var;(F_vol(u,v,w); ). (7

Step 3: Cost regularization. In this step we pass the

aggregated volume through a 3D convolutional network and
take a softmax to convert it to a match probability, using

prob_vol = soft_max,, (reg_net®(agg_vol®)). (8)

Step 4: Regression. We take the expectation of the

hypothesis depths over the match probability given by the

probability volume to obtain the depth at the current scale,

which enables sub-pixel estimation.

D?(u,v) Zprob vol(u, v, w)h(u,v,w).  (9)

This whole process is summarized in algorithm 1

w 1

Algorithm 1 MVPSNet Algorithm
NF;;, FL F2 F3 LIFE(I;;,1;;;0)

NFJ— HjlanJNF”, F? = max; Fg
N; = normal;egressmnmet(l\f F;)
DP(u,v) = (max_depth + min_depth) /2
fors=1to3do
h(u,v,w) = Up(D*~ 1) (u,v) + As ( -
F_vol} (u, v, w) = Ff (warp(u, v, h(u, ))
agg_vol®(u, v, w) = var;(F_vol])
prob_vol = soft_max,, (reg_net®(agg_vol®))
D*(u,v) =), prob_vol(u, v, w)h(u,v, w)
: end for

Vs =1,2,3.

2)

R e A A S ol S

—_ -
—_ o

Figure 2. Example images from proposed synthetic MVPS dataset.

Once we have depth and surface normal for each view,
our mesh reconstruction pipeline consists of three steps:
depth filtering, lifting depth and normal maps to a point
cloud, and reconstructing the mesh using Screened Pois-
son [31] (See supplementary materials for details).

3.5. Synthetic MVPS dataset

A key component of our method is that we can learn bet-
ter features for stereo matching, especially in textureless re-
gions, by learning features that incorporate multi-lighting
cues. However, there is no existing MVPS dataset that is
large enough for neural network training. Therefore, we
generate a large-scale synthetic dataset, SMVPS, consisting
of two sub-datasets, sSMVPS-sculpture (800 train scenes/4
test scenes) and SMVPS-random (1000 train scenes/20 test
scenes).

sMVPS-sculpture consists of objects from the sculpture
dataset [57] while SMVPS-random includes objects com-
posed of random primitives from [60]. The objects were
generated following the method of [39] with spatially vary-
ing Cook-Torrance BRDF. We render images from 20 view-
points surrounding the object approximately every 18° plus
random jitter in position. For each view we render 10 ran-
domly chosen directional light sources sampled uniformly
on a 45° spherical cap centered at the camera’s optical axis.
In addition to the images, we render ground truth normals,
depth, albedo, and roughness.

3.6. Training MVPSNet

We train MVPSNet with supervised loss over surface
normal and depth using the ground-truth created within syn-
thetic SMVPS dataset. For each reference view, we use 2
source views. And we randomly choose 3 lights out of 10
to train our model. The total loss is defined as:

Lmvps = Ad ' Ld + )\n ' Lna (10)
3
L= Ais-Las¥s=1,2,3 (11
s=1

where Lgs and L,, refer to the depth loss for scale s and
normal loss, respectively. For loss weights, we set \,, = 1
and Ay = 10. The weights of each scale, A\yjs = 1, for
s=1,2,3.


















(33]

(34]

(35]

(36]

(37]

(38]

[39]

(40]

[41]

(42]

[43]

[44]

[45]

[46]

Christoph Lassner and Michael Zollhofer. Pulsar: Efficient
sphere-based neural rendering. arXiv:2004.07484, 2020.
Min Li, Zhenglong Zhou, Zhe Wu, Boxin Shi, Changyu
Diao, and Ping Tan. Multi-view photometric stereo: A ro-
bust solution and benchmark dataset for spatially varying
isotropic materials. IEEE Transactions on Image Process-
ing, 29:4159-4173, 2020.

Zhengqin Li, Zexiang Xu, Ravi Ramamoorthi, Kalyan
Sunkavalli, and Manmohan Chandraker. Learning to recon-
struct shape and spatially-varying reflectance from a single
image. In SIGGRAPH Asia 2018 Technical Papers, page
269. ACM, 2018.

Daniel Lichy, Soumyadip Sengupta, and David W Jacobs.
Fast light-weight near-field photometric stereo. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 12612-12621, 2022.

Daniel Lichy, Soumyadip Sengupta, and David W. Jacobs.
Fast light-weight near-field photometric stereo. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), pages 12612-12621, June
2022.

Daniel Lichy, Jiaye Wu, Soumyadip Sengupta, and David W.
Jacobs. Shape and material capture at home. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR), pages 6123-6133, June 2021.
Daniel Lichy, Jiaye Wu, Soumyadip Sengupta, and David W
Jacobs. Shape and material capture at home. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 6123-6133, 2021.

William E Lorensen and Harvey E Cline. Marching cubes:
A high resolution 3d surface construction algorithm. ACM
siggraph computer graphics, 21(4):163-169, 1987.

Keyang Luo, Tao Guan, Lili Ju, Haipeng Huang, and Yawei
Luo. P-mvsnet: Learning patch-wise matching confidence
aggregation for multi-view stereo. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 10452-10461, 2019.

Lars Mescheder, Michael Oechsle, Michael Niemeyer, Se-
bastian Nowozin, and Andreas Geiger. Occupancy networks:
Learning 3d reconstruction in function space. In Proceedings
of the IEEE/CVF conference on computer vision and pattern
recognition, pages 4460-4470, 2019.

Ben Mildenhall, Pratul P Srinivasan, Matthew Tancik,
Jonathan T Barron, Ravi Ramamoorthi, and Ren Ng. Nerf:
Representing scenes as neural radiance fields for view syn-
thesis. Communications of the ACM, 65(1):99-106, 2021.
Diego Nehab, Szymon Rusinkiewicz, James Davis, and Ravi
Ramamoorthi. Efficiently combining positions and normals
for precise 3d geometry. ACM transactions on graphics
(TOG), 24(3):536-543, 2005.

Michael Oechsle, Songyou Peng, and Andreas Geiger.
Unisurf: Unifying neural implicit surfaces and radiance
fields for multi-view reconstruction. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 5589-5599, 2021.

Jaesik Park, Sudipta N Sinha, Yasuyuki Matsushita, Yu-
Wing Tai, and In So Kweon. Multiview photometric stereo

(47]

(48]

[49]

(501

(51]

[52]

(53]

[54]

[55]

[56]

(571

(58]

12535

using planar mesh parameterization. In Proceedings of the
IEEE International Conference on Computer Vision, pages
1161-1168, 2013.

Jaesik Park, Sudipta N Sinha, Yasuyuki Matsushita, Yu-
Wing Tai, and In So Kweon. Robust multiview photo-
metric stereo using planar mesh parameterization. I[EEE
transactions on pattern analysis and machine intelligence,
39(8):1591-1604, 2016.

Nikhila Ravi, Jeremy Reizenstein, David Novotny, Tay-
lor Gordon, Wan-Yen Lo, Justin Johnson, and Georgia
Gkioxari. Accelerating 3d deep learning with pytorch3d.
arXiv:2007.08501, 2020.

Johannes L Schonberger and Jan-Michael Frahm. Structure-
from-motion revisited. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
41044113, 2016.

Johannes L Schonberger, Enliang Zheng, Jan-Michael
Frahm, and Marc Pollefeys. Pixelwise view selection for
unstructured multi-view stereo. In Computer Vision—-ECCV
2016: 14th European Conference, Amsterdam, The Nether-
lands, October 11-14, 2016, Proceedings, Part Il 14, pages
501-518. Springer, 2016.

Soumyadip Sengupta, Angjoo Kanazawa, Carlos D Castillo,
and David W Jacobs. Sfsnet: Learning shape, reflectance
and illuminance of facesin the wild’. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recogni-
tion, pages 6296—6305, 2018.

Boxin Shi, Zhe Wu Mo, Dinglong Duan, Sai-Kit Yeung,
and Ping Tan. A benchmark dataset and evalution for non-
lambertian and uncalibrated photometric stereo. /EEE Trans.
on Pattern Analysis and Machine Intelligence (TPAMI),
41(2):271-284, 2019.

Pratul P Srinivasan, Boyang Deng, Xiuming Zhang,
Matthew Tancik, Ben Mildenhall, and Jonathan T Barron.
Nerv: Neural reflectance and visibility fields for relighting
and view synthesis. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
7495-7504, 2021.

Christoph Strecha, Rik Fransens, and Luc Van Gool. Wide-
baseline stereo from multiple views: a probabilistic account.
In Proceedings of the 2004 IEEE Computer Society Con-
ference on Computer Vision and Pattern Recognition, 2004.
CVPR 2004., volume 1, pages I-1. IEEE, 2004.

Christoph Strecha, Rik Fransens, and Luc Van Gool. Com-
bined depth and outlier estimation in multi-view stereo. In
2006 IEEE Computer Society Conference on Computer Vi-
sion and Pattern Recognition (CVPR’06), volume 2, pages
2394-2401. IEEE, 2006.

Jiaming Sun, Yiming Xie, Linghao Chen, Xiaowei Zhou, and
Hujun Bao. NeuralRecon: Real-time coherent 3D recon-
struction from monocular video. CVPR, 2021.

Olivia Wiles and Andrew Zisserman. Silnet : Single- and
multi-view reconstruction by learning from silhouettes. In
British Machine Vision Conference 2017, BMVC 2017, Lon-
don, UK, September 4-7, 2017. BMVA Press, 2017.

Robert ] Woodham. Photometric method for determining
surface orientation from multiple images. Optical engineer-
ing, 19(1):139-144, 1980.






