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Imaging and 3D reconstruction are reciprocal procedures. The former employs imaging

systems to measure scene properties, where it encodes various 3D-related properties (includ-
ing geometry, material, and light) into speci ¢ measurements. Conversely, the latter aims to
solve the inverse probleme., recovering 3D-related properties back from captured data. As
the reciprocal step, imaging process provides important cues to 3D reconstruction. Exploring
ways to utilize imaging priors is critical to improve the performance of 3D reconstruction.
Recent advances of deep learning (DL) have reshaped 3D reconstruction algorithms.
Inspired by it, this dissertation provides a new framework to boost 3D reconstruction with
imaging priors. The core idea is to differentiate imaging systems and embed them into
reconstruction algorithms, in particular DL-based approaches. Consequently, the proposed
framework allows information to be freely propagated between imaging and 3D reconstruc-
tion. It supports reconstruction algorithms to utilize inherent geometric and physical rules
inside imaging systems for better recovery of 3D properties. Additionally, it enables tuning
imaging systems to explore the best settings they should adopt under reconstruction tasks.
We validate the superiority of our framework on two imaging systems: rendering
pipelines and structured light systems. First, we present novel differentiable reformulations
of rendering pipelines and apply them in unsupervised, single-view 3D object reconstruc-
tion. Compared to previous methods, our novel designs demonstrate more accurate shape
and texture recovery, as well as enable new capabilities to achieve faithful material and
lighting disentanglement. Next, we discover optimal illumination patterns in structured light
triangulation. Unlike existing approaches that use predetermined patterns, for the rst time,
differentiable structured light systems allow us to optimize patterns for the chosen imaging

conditions and exhibit substantial improvements in 3D triangulation accuracy.
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Lazylnit and SfM. Top row shows the classi ed pose bin annotations, while
the images show the annotated keypoints. For 39 viewpoints car class,
annotating pose bins took 1 min, while keypoint annotation took 3-4 hours.
We empirically nd that pose bin annotation is suf cient in training accurate
inverse graphics networks (when optimizing camera parameters during
training in addition to optimizing the network parameters). . . . . . . . 87
Shape & Texture Reconstruction Results Given input images (1st col-
umn), we predict 3D shape, texture, and render them into the same view-
point (2nd column). We also show renderings in 3 other views in remaining
columns to showcase 3D quality. Our model is able to reconstruct cars with
various shapes, textures and viewpoints. We also show the same approach
on harder (articulated) objects, i.e., birdand horse. . . . .. ... ... 90

Comparison on Pascal3D Testing SetWe compare inverse graphics net-
works trained on Pascal3D and our StyleGAN dataset. Notice considerably
higher quality of prediction when training on the StyleGAN dataset. . . 90
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5.8 3D Reconstruction Results for Car, Horse, and Bird ClassesWe show
car, horse and bird examples tested on the images from the StyleGAN
dataset test sets. Notice that the model struggles a little in reconstructing
the top of the back of the horse, since such views are lacking in training.91

5.9 Comparison on PASCAL3D Imagery. We compare PASCAL-model
with StyleGAN-model on PASCAL3D test set. While the predictions from
both models are visually good in the corresponding image view, the pre-
diction from StyleGAN-model have much better shapes and textures as
observedinotherviews.. . . . . . .. .. ... ... . o oo 92

5.10 User Study Interface (AMT). Predictions are rendered in 6 views and we
ask users to choose the result with a more realistic shape and texture that
is relevant to the input object. We compare both the baseline (trained on
Pascal3D dataset) and ours (trained on StyleGAN dataset). We randomize
theirorderineach HIT. . . . . . .. ... ... .. ... . ... ..... 94

5.11 Ablation Study. We ablate the use of multi-view consistency and perceptual
losses by showing results of 3D predictions. Clearly, the texture becomes
worse in the invisible part if we remove the multi-view consistency loss
(rows 2, 5, denoted by “w.o0 M. V., which denotes that no multi-view
consistency was used during training), showcasing the importance of our
StyleGAN-multivew dataset. Moreover, the textures become quite smooth
and lose details if we do not use the perceptual loss (rows 3, 6, noted by
“w.0 P.”, which denotes that no perceptual loss was used during training)95

5.12 Comparison of Different Camera Initialization Methods. The rst row
shows predictions fror8fM -Initialization (cameras computed by running
SFM on annotated keypoints) and the second row show results obtained
by training withLazylInit -Initialization (cameras are coarsely annotated
into 12 view bins). Notice how close the two predictions are, indicating
that coarse viewpoint annotation is suf cient for training accurate inverse
graphics networks. Coarse viewpoint annotation can be done in 1 minut85

5.13 3D Reconstruction Failure CasesWe show examples of failure cases for
car, bird and horse. Our method tends to fail to produce relevant shapes for
objects with out-of-distribution shapes (or textures). . . . . . ... ... 97

5.14 Results on Real Imagery from the StyleGAN-generated Car Dataset
In Row(1,3), we show DIB-R++ can recover a meaningful decomposition
as opposed to DIB-R (Row(2,4)), as shown by cleaner texture maps and
directional highlights (e.g., car windshield). . . . . . .. ... ... ... 98
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5.15 Prediction on LSUN Dataset (Cars) DIB-R++, trained on StyleGAN
dataset, can generalize well to real images. Moreover, it also predicts
correct high specular lighting directions and usable, clean textures.. . 99

5.16 Material Editing . Our method allows for artistic manipulation of appear-
ance, such as novel view synthesis, material editing (both diffuse and specu-
lar components), and relighting, thanks to our effective disentanglement99

5.17 Prediction on Real-world Dataset (Cars) DIB-R++ accounts for high
specular light and always have cleaner textures compared to DIB-R... 100

5.18 Prediction on LSUN Dataset (Cars) Our model, trained on StyleGAN
dataset, can be well generalized to real images. Moreover, it also accounts
for high specular light and predict correct lighting directions and clean
eXIUresS.. . . . . . e e e e 101

6.1 Overview. Top: A projection pattern is a 1D image projected along
a projector's rows. A sequence of them de nes a code matrix, whose
columns encode pixel position. We present a framework for computing
stereo correspondences usogimal code matricesvhich we generate
on the y. These matrices minimize the expected number of stereo errors
that occur when the individual matrix columns are not very distinctive
(red=similar; blue=dissimilap. Middle: A whole space of optimal matrices
exists, for different numbers of projection patterns, image signal-to-noise
ratio, spatial frequency content (sample patterns shown abeteeBottom:
We use two automatically-generated four-pattern sequences to compute the
depth map of the object shown on left. Both are optimized for a one-pixel
tolerance for stereo errors, without (middle) and with (right) a bounding-box
constraint. Both depth maps are unprocessed (please zoomin).. . . . 103

6.2 Viewing Geometry. We assume the projector-camera system has been
recti ed, i.e., epipolar lines are alongrows. . . . . ... ... ...... 105

6.3 Generative Model of Image Formation for a Single Epipolar Line Across
K Images Each column of matriXO is an observation vector (red) and
each row collects the observations from a single image across all pixels on
the epipolar line (yellow). All yellow rows are associated with the same
input image and all red columns are associated with the same camera pixel
g. The gray column and row are associated with the same projectornpix@06
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6.4

6.5

6.6

Geometric Constraints (a) Top view of the epipolar plane. (B) is
always lower triangular because the 3D rays of all other elements intersect
behind the camera. (d)'s non-zero elements are restricted even further by
knowledge of the working volumes(g, black square in (a)): its depth range
(red) and its angular extent from the projector (green) and the camera (blue)
de ne regions inT whose intersection contains all valid correspondence)8

ZNCC v.s. Native Decoding Left: We projectK micro phase shifting
(MPS) patterns{4] of maximum frequency onto a known planar target

and compute correspondence errors using our ZNCC decoder (red) and the
one by the MPS authors (blacli®ight: A similar comparison for 10 Gray
codes (purple) and 10 XOR-04 codes (green), projected along with their
binary complement. We used the binarization techniqué 18][for “native”
decoding. Since these codes have no frequency bound we plot them against
image PSNR. In all cases, ZNCC decoding yields comparable results. 109

A Walk in the Space of Optimal Codes To better visualize code structure,
the pairwise scoreBNCJ(c;; ¢;) of code vectors are shown as a jet-color-
mapped matrixdeep red 1;deep blue= 1). These can be treated as a
confusion matrix.Row 1: We set the maximum spatial frequency of the
patterns toF =4 and the image PSNR to be maximal for our imaging
conditions (frame rateésOHz, camera gaint, known read noise, pixel
intensity that spans the full intervf; 1]). We then compute the optimal
code matrix for oul608pixel projector for different numbers of patterns
and no other constraintRow 2: We then choos& =4 (outlined in red in
Row 1) and compute optimal matrices for different bounds on the maximum
spatial frequency, with everything else xed as aboRew 3:We now set

the frequency to 8 (outlined in red in Row 2) and compute optimal matrices
for different values of pixel PSNR.&., the maximum image intensity gets
increasingly smaller), again with everything else xed as abdrews 4

and 5: We follow the exact same process for different lower bounds on
disparity {.e., the maximum scene depth is increasingly being restricted),
and different tolerances in correspondence etror.. . . . . . . . ... .. 113
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6.7 Quantitative Evaluation. Top row and rst two columns of bottom row:
Each data point represents three independent acquisitions with the same
pattern sequence (x-axis is frequency). Error bars indicate the smallest
and largest fraction of correct correspondences in those runs. We used

= 0 for optimization in the top row and = 1 in the bottom. Solid
lines show results when no geometry constraints are imposed on code
optimization and on decoding. Dashed lines show what happens when we
use a depth-constrained geometry ma@ixFigure 6.4c). For EPS and
MPS, the constraint is used only for decoding,, we search among the
valid correspondences for the one that maximizes the ZNCC score. Our
codes, on the other hand, are optimized for that constraint and decoded with
it as well. Bottom row, right: RMSE plots. . . . . . ... ... ...... 115

6.8 Qualitative Comparisons. We acquired depth maps for the scenes on the
left using three methods, with the same ZNCC decoder and the same trian-
gular geometry matrixc (Figure 6.4b). For each method, we reconstructed
the scenes for several maximum frequencies in the rgh@e]and show
depth maps for each method's best-performing frequehmy.row: Recon-
structing a dark, varnished and sculpted wooden trunk with ve patterns.
Middle row: Reconstructing a scene with signi cant indirect transport (a
bowl, candle, and convex wedge) using conventional imaging and six pat-
terns. Bottom row: Depth map acquired with many more patterns, along
with cross-sections of the above depth maps (blue points) and a histogram
of disparity errors (please zoom in to the electronic copy). For reference,
we include the cross-sections of depth maps acquired using epipolar-only
imaging [L9( with the exact same patterns (green points), as well as of
“ground truth” depth maps acquired with 160 shifted cosine patterns of
frequencies 16 to 31 using epipolar-only imaging (red points). . . . . . 116

6.9 Hyper-parameter Tuning. We show validation error (0800 xed random
samples) over iterations in optimization of a sample code matéypatterns
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6.10 Code Performance as a Function of Camera Noise ModeEach column

7.1

7.2

7.3

7.4
7.5

7.6

IS patterns optimized under a speci ¢ noise model, while each row is a
speci ¢ pattern setting. We show thliaw depth maps in top left and the
confusion matrix in the middle right. To assess it quantitatively, we also
compare 2D slices of the reconstructed 3D pointset against those computed
by the ground-truth sequence, and show the histogram of differences in the
computed and ground-truth disparities in the bottom part. Please zoom into
the electronic copy fordetails. . . . . . .. .. ... ... .. L. 118

Top: Optimal structured light with smartphone$Ve placed a randomly-
colored board in front of an Optoma 4K projector and a Huawei P9 phone,
let them auto-tune for ve color-stripe patterns and fhlerance penalty
(Table 7.1), and used the resulting patterns (middle) to reconstruct a scene
(inset).Middle & Bottom: Auto-tuning systems f@rpatterns on various
imaging systemNote the patterns' distinct spatial structure and frequency
content, especially for Episcan3d7 which employs a scanning-laser
PrOJECIOr. . . . . . o o e e e e 120

Algorithm lllustration . Differentiable imaging systems allow us to “probe”
their behavior by differentiating them in the optical domaie,, by repeat-

edly adjusting their control vector, taking images, and computing image
differences. Projector-camera systems, as shown above, are one example
of a differentiable system where projection patterns play the role of control
vectors. Many other combinations of programmable sources and sensors

have this property (Table 7.1).. . . . . . . . . . .. ... . . ... ... 122
Numerical vs. Optical-domain Implementation of SGD, with Red Boxes

Highlighting Their Differences. . . . . . . . .. ... ... ... ..... 125
Decoder forK -pattern Triangulation. . . . . ... ... ... ... ... 127

Image Formation in General Projector-camera SystemsThe projector
function proj() maps a control vector of digital numbers to a vector of
outgoing radiance values. Similarly, the camera functiam() maps a
vector of sensor irradiance values to a vector holding the processed im2g8.

Optical-domain Differentiation on an Actual Projector-camera System.

(a) 1D plot of a sample projection pattecrand its corresponding 2D pro-
jection pattern(b) a photo of the experimental setup and the corresponding
camera image of the scene under the projection pattern depicted {o)(a).
adjustment vector and its corresponding image difference. . . . . . . . 132

XXili



7.7

7.8

7.9

Optical SGD in Action for the LG-IDS Pair and the Training Board in

Figure 7.1 Top: The red graph shows the progress of the optimization ob-
jective (Eq. 7.5) across iterations when auto-tuning on the training board for
four patterns, the zero-tolerance penalty, and the ZNCG-@i¢oder. The
green graph showeerr(d; g)k; as a function of iteration for the previously-
unseen (and much more challenging) test scene béliadle: Visualizing

the evolution of pattero; as a grayscale image whas¢h column is the
pattern at iteratiom. Bottom: Three snapshots of the optimization, each
showing the patterns at iteratioynthe disparity map of the training board
(inset) reconstructed from those patterns; and the disparity map of the test
scene reconstructed from the same patterns.. . . . . . ... ... ... 133

Comparison of Different Coding-decoding Methods based on Percent-

age of Zero-error Pixels.The table lists the no-error reconstruction rates
(i.e. the percentage of pixels with zero error) of each pattern, decoded with
all the decoding methods. Their corresponddglerance disparity maps
(pixels with zero error are drawn in the gures) are shown with the same
layout as the table. The raw disparity maps are also shown as insets, for
reference. Table entries and disparity maps marked as blue represent the
current state of the art. Entries and disparity maps marked as green indicate
the best-performing decoder for 3 previously-proposed pattern sequences
(MPS, Hamiltonian, a la carte). Note that the best results of these patterns
are obtained with decoders introduced in this paper. The best performance,
shown in red, is obtained by auto-tuning with the ZNCCJ\iécoder. . . 136

Auto-tuning for Indirect Light. To better visualize reconstruction accu-
racy, only pixels with error 2 are shown in the disparity maps above. The
total percentage of such pixels is indicated in yellow in the upper left, with
the correspondence error map shown as an inset (darkest blue fer@rror
darkestred forerror 20). . . . . . . . ... ... e 137

7.10 Auto-tuning Mitsuba CLT for Four Patterns and the O-tolerance Penalty

Left: Performance of optimized patterns and ZNCCJ\¢coder across
iterations of optical SGD. We measure performance by reconstructing the
virtual training board (red plot) as well as ModelNet objects (green plot,
averaged over 30 models). Optical SGD performs considerably better on
ModelNet than state-of-the-art patterns combined with our ZhN@€coder
(dashed lines)Right: Disparity maps for asample model. . . . . . . .. 138

XXIV



7.11 Comparison of Auto-tuned Color Patterns with Gray Patterns. Top:

Auto-tuning gray patterns for LG-AVTa) scene image captured by the
monochrome camerdb) O-tolerance ground-truti(c-d) O-tolerance dis-
parity map (overlaid with raw disparity map) f&r = 4 andK = 3 with

their percentages of zero-error pixeBottom: Auto-tuning color patterns

for LG-AVT. (a) scene image captured by the color camé@a0-tolerance
ground-truth. (c) O-tolerance disparity map (overlaid with raw disparity
map) forK = 3 color pattern, auto-tuned on demosaiced images with its
percentage of zero-error pixelgl) O-tolerance disparity map (overlaid with

raw disparity map) foK = 3 color pattern, auto-tuned on raw images with

its percentage of zero-errorpixels.. . . . . . .. ... . L. 139
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Al
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Chapter 1

Introduction

3D reconstruction aims at inferring 3D-related properties of a scene, such as geometry,
texture, material, and light. As a long-standing goal in computer vision and computer
graphics, it serves as key in a variety of important applications like virtual reality (VR),
augmented reality (AR), robotics, autonomous driviety, For example, in AR games,
acquiring 3D properties of a scene is the prerequisite for user interaction. Moreover, in
more rigorous cases, 3D reconstruction also plays an essentiadigplép make robots

or autonomous driving cars safely ride on the road, it is necessary to accurately model the
surrounding environment.

The input data of 3D reconstruction are often 2D measuremerngsi(nages) captured by
imaging systems, in a process callethging In the past centuries, people have developed
various imaging systems to facilitate 3D reconstruction. Created in the 184@saineras

are the most popular choice. Later, structured light (S11) nd time of ight (ToF) [56]

setups emerged to infer scene geometry by incorporating active light sources in image
capture. Today, there are continuous efforts to explore new imaging systems like transient
imaging or lensless imaging system$,[107], which further push the boundaries of 3D
reconstruction, allowing occluded object reconstruction or direct 3D imading 4.

Conceptually, imaging and 3D reconstruction are inverse procedures. The former chooses a
speci ¢ imaging system to measure scene properties, where it encode various 3D-related
properties into measurements. For example, images can be formulated as 2D projections
of 3D geometry and material interacting with light. On the contrary, the latter applies 3D
reconstruction algorithms to the captured data in order to recover all kinds of 3D properties
back from the measurements.

Being the reciprocal step, imaging process contains an abundance of valuable information
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that could signi cantly bene t 3D reconstruction. Such information is commonly referred
asimaging priors For instance, image formation models explain how imaging devices
record 3D properties of a scene. Imaging settings, like exposure, gain, or tone mapping,
in uence the quality of captured data [7]. System illuminations, which are the light
sources in the active imaging systems, affect the performance of structured light or time of
ight systems [51, 56]. Therefore, exploring better ways to utilize imaging priors is critical

to improve performance of 3D reconstruction.

A large body of work has been done to address problems of 3D reconstruction, ranging
from classical geometrical or optical metho@s,[61, 5€] to recent deep learning based
approachesi[31, 65]. Particularly, the advances of deep learning {, 111, 228 48] have
ushered in many breakthroughs in 3D reconstruction. For example, detailed 3D shapes,
high- delity texture maps, accurate lighting and material parameters are all inferable from
2D images via neural networks modeis3[ 70, ) : ) ' ! , 147]. With

the help of massive training data, deep learning based methods signi cantly outperform the
classical works 159 19, 46, 217).

While great progress has been made, imaging priors are still under-explored in 3D recon-
struction, in particular deep learning based approaches. As a physical process or a simpli ed
physical simulation], imaging process is generally not differentiable. However, the non-
differentiable property makes it dif cult to be involved in deep learning frameworks. As a
consequence, imaging and reconstruction are treated as discrete procedures, which impedes
imaging priors propagating from the former to the latter, leading suboptimal designs in both
stages. Existing methods either utilize imaging in data preparatiaij pr adopt imaging
constraints as regularization terms |, 264]. Still, a large portion of imaging priors are
ignored and not fully utilized in deep learning.

The focus of this thesis is on exploring a new way to exploit information of imaging
process in deep learning based reconstruction algorithms. To this end, we intdilduce
ferentiable imaging systemSpeci cally, an imaging system is de ned adferentiable

if its imaging process is differentiablee., we are able to compute the gradients of the
imaging measurements with regard to the scene properties or the imaging parameters. While
conventional imaging systems are not designed to be differentiable, it is challenging to
acquire the analytical gradients. Instead, we construct an differentiable imaging system by
either approximating its traditional non-differentiable imaging process with a differentiable
surrogate §8, 39, 177, or estimating the gradients with numerical methelg.|

The main advantage of differentiable imaging systems is that they can be embedded into
3D reconstruction algorithms, in particular deep learning based reconstruction approaches.



Figure 1.1:Overview. This thesis proposes a new reconstruction framework which reformulates the conventional, non-differentiable
imaging systems in a differentiable way and embeds them into 3D reconstruction algorithms. As a consequence, it bridges imaging
systems and reconstruction algorithms together, which enables informatinprgfadients) to be propagated bidirectionally and brings
mutual enhancement. The proposed framework allows reconstruction algorithms to utilize inherent geometric or physical rules inside
imaging systems for better recovery of 3D properties. Additionally, it enables tuning imaging systems to explore the best settings they
should adopt under speci ¢ reconstruction tasks.

As shown in Figl1.1, our method bridges imaging systems and reconstruction algorithms
together, which enables informatiog.¢, gradients) to be propagated bidirectionally and
brings mutual enhancement to each other.

On one hand, information from imaging systems is passed to reconstruction algorithms,
which helps design algorithms to match the given imaging systems perfagty{78, 230,

' ) 38, 39, , 155. The optimized reconstruction approaches, built on top of imaging
systems, could utilize the inherent geometric or physical rules inside the imaging systems,
resulting in much better performance than the traditional methods which are generally blind
to the imaging systems.

On the other hand, information is also propagated from reconstruction algorithms to imaging
systems, helping explore the best settings they should adopt under speci ¢ reconstruction
tasks,e.g, discovering the most appropriate hardware parameters like camera setfirigs [

] or system illuminations172, 4(]. It enables automatically tuning imaging systems to
be tailored for corresponding downstream tasks, which generally requires expert knowledge
in previous works.

We validate the superiority of our method on two imaging systeerslering pipelinegand
structured light systemsSpeci cally, in the rst part of the thesis, we focus on applying
differentiable rendering techniques in unsupervised, single-view 3D object reconstruction.
We propose two ef cient and photorealistic differentiable rendering framewGiks3[] and
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incorporate them in neural networks to predict 3D properties from a single image. Compared
to previous methods, our novel designs not only predict accurate shape and realistic texture,
but also enable new capabilities to achieve faithful material and lighting disentanglement
under challenging imaging conditions, as well as generalize to real imagery, predicting
reliable 3D properties for real photographs|].

Next, we discover optimal illumination patterns in structured light triangulation. By differen-
tiating structured light systems and embedding them in reconstruction algorithims!],

we are able to optimize patterns for chosen systems and desired imaging conditions. Unlike
existing approaches that use predetermined patterns, which have no optimal guarantees and
are blind to structured light system properties, the optimized patterns demonstrate precise
match to the system properties and achieve substantial improvements in 3D triangulation
accuracy.

Principally, the main advantage of differentiable imaging systems is that it allows infor-
mation to be propagated bidirectionally. Namely, imaging priors can be utilized to boost
reconstruction algorithms while learning constraints can also be applied to enhance imaging
procedures. The two differentiable imaging systems discussed in this disseitatjdhe
differentiable rendering pipelines and the differentiable structured light systems, demonstrate
advantages in two complementary directions.

The differentiable rendering part focuses on boosting 3D reconstruction algorithms with
imaging priors. Following the principle of “analysis-by-synthesis”, the imaging priors guide
the neural networks to predict faithful geometry, texture, material and light from a single
image without any 3D supervisioz§, 39, 291]. One the other side, the differentiable
structured light part explores how to tune optimal imaging settings from learning constraints.
Differentiable structured light systems allows themselves to be embedded in learning frame-
works, where the gradients of the illumination patterns are adopted to optimize patterns
to maximize the 3D reconstruction accuracy f, 40]. Notably, imaging systems and
reconstruction algorithms can be optimized jointly. For examplejihJe jointly explore

the best imaging parameters, as well as train a neural network that perfectly matches the
given imaging system. In all cases, we show differentiable imaging systems bring signi cant
performance improvement over prior arts.

In conclusion, this thesis makes the following contributions:

* In Chapter3, we propose DIB-R3d], an interpolation-based differentiable rendering
pipeline that allows gradients computation from 2D images to most 3D attributes,
including vertex positions, vertex colors, multiple lighting directions and texture
mapping through a variety of lighting models. We also apply DIB-R in single-view



3D object reconstruction tasks, which can be trained exclusively using 2D supervision.
Compared to prior works, DIB-R demonstrates more faithful shape and realistic texture
recovery, achieving new state-of-the-art results.

In Chapter4, we extend DIB-R to DIB-R++39], a hybrid differentiable renderer
which combines rasterization and ray-tracing to take the advantage of their respective
strengths—speed and realism. Being ef cient and photorealistic, it enables new
capabilities for geometry, re ectance and lighting prediction from a single image
without requiring any ground-truth. DIB-R++ achieves superior material and lighting
disentanglement compared to existing rasterization-based approaches, especially under
challenging imaging conditions.

In Chapter5, we investigate how to apply differentiable rendering techniques to predict
3D properties for real imagery p1]. Differentiable rendering based inverse graphics
models rely on multi-view imagery, which are not readily available in existing real
datasets. Training with synthetic renderings often leads to a gap in performance when
tested on real photographs. We propose to exploit StyleGAN] [as a multi-view

data generator, synthesizing in nite multi-view photorealistic images to train inverse
graphics networks. Our approach achieves exquisite 3D reconstruction effects for real
images and signi cantly outperforms models trained on existing datasets.

In Chapter6, we discover optimal illumination patterns in structured light triangula-
tion [177. Unlike existing approaches that use predetermined patterns, we pr@pose
la carte, a new paradigm to optimize patterns for user-de ned imaging conditions. By
de ning a simpli ed linear imaging formation model and embedding it into learning
frameworks,a la carte derives objective functions to evaluate performance of the
patterns and optimize them by minimizing the reconstruction error. We show the
optimized patterns outperform state-of-the-art triangulation techniques.

Lastly, in Chapter7, we propose OpticalSGD![], a computational imaging technique

that optimizes the performance of an active imaging system by automatically discover-
ing the illuminations it should use, and the way to decode them. OpticalSGD supports
“tuning” the illuminations and decoding algorithm precisely to the system properties,
and doing so without any requirement of system. The key idea of OpticalSGD is to
formulate a stochastic gradient descent (SGD) optimization procedure that puts the
actual system in the loop: adopting real devices to illuminate a scene and capture
images, and computing the gradient of the reconstruction error and update the system
parameters. We verify OpticalSGD in structured light triangulation and show the tuned
system substantially boosts 3D reconstruction accuracy over state-of-the-art methods.
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1.1 Organization

The chapters in this thesis are organized as follows. In Chahtere provide background
knowledge of the discussed imaging systems. In Chapt€haptert, and Chapteb, we
investigate how to apply differentiable rendering techniques in unsupervised, single-view
3D object reconstruction. We rst present an interpolation-based differentiable renderer,
then extend it to a one-bounce ray-tracing based differentiable renderer, and nally talk
about how to predict 3D properties from real imagery, respectively.

In Chapter6 and Chapter, we discover optimal illumination patterns in structured light
triangulation with differentiable structured lighting systems. Chaptatroduces a simpli-
ed differentiable structured light image formation model in simulation. Chap&xplores
pattern optimization with hardware-in-the-loop. Finally, in Chagtewe discuss promising
future directions and conclude the thesis.

1.2 Included Publication

The thesis mainly contains 5 earlier published papers, with proper re-organization, more
technical details and results. The papers and author contributions are listed as follows. *
denotes equal contribution:

Wenzheng Chen, Jun Gao*, Huan Ling*, Edward J. Smith*, Jaakko Lehtinen, Alec Jacobson,
Sanja Fidler: Learning to Predict 3D Objects with an Interpolation-based Differentiable
Renderer, NeurlPS 2019 reproduced and adapted in ChagieAuthor contributions: the
author conceived the idea and implemented the prototype. The author, Jun Gao, Huan Ling,
and Edward J. Smith did the learning experiments. Prof. Lehtinen, Prof. Jacobson, and Prof.
Fidler helped complete the idea. All the authors contributed to the manuscript writing and
Prof. Fidler supervised the project.

Wenzheng Chen, Joey Litalien, Jun Gao, Zian Wang, Clement Fuji Tsang, Sameh Khamis, Or
Litany, Sanja Fidler: DIB-R+ : Learning to Predict Lighting and Material with a Hybrid
Differentiable Renderer, NeurlPS 20&lreproduced and adapted in ChapterAuthor
contributions: the author and Prof. Fidler conceived the idea. The author and Joey Litalien
implemented the prototype. Clement Fuji Tsang did acceleration. Jun Gao, Zian Wang, Dr.
Khamis, Dr. Litany, and Prof. Fidler helped complete the idea. All the authors contributed
to the manuscript writing and Prof. Fidler supervised the project.

Yuxuan Zhang*, Wenzheng Chen*, Huan Ling, Jun Gao, Yinan Zhang, Antonio Torralba,
Sanja Fidler: Image GANs meet Differentiable Rendering for Inverse Graphics and Inter-



1.2. INCLUDED PUBLICATION 7

pretable 3D Neural Rendering, ICLR 20&lreproduced and adapted in ChagteAuthor
contributions: the author and Prof. Fidler conceived the idea. Yinan Zhang implemented
the GAN dataset generation part. Yuxuan Zhang, the author, and Jun Gao implemented the
3D inference part. Yuxuan Zhang and Huan Ling implemented the GAN ne-tuning part.
Prof. Torralba and Prof. Fidler helped complete the idea. All the authors contributed to the
manuscript writing and Prof. Fidler supervised the project.

Parsa Mirdehghan, Wenzheng Chen, Kyros Kutulakos: Optimal Structured Light a la Carte,
CVPR 2018s reproduced and adapted in ChagteAuthor contributions: Parsa Mirdehgha

and Prof. Kutulakos conceived the idea. Parsa Mirdehghan and the author implemented the
prototype. The author did all the captures. All the authors contributed to the manuscript
writing and Prof. Kutulakos supervised the project.

Wenzheng Chen*, Parsa Mirdehghan*, Sanja Fidler, Kyros Kutulakos: Auto-Tuning Struc-
tured Light by Optical Stochastic Gradient Descent, CVPR 2828produced and adapted

in Chapter7. Author contributions: Prof. Kutulakos conceived the idea. The author imple-
mented the prototype and did all the captures. Parsa Mirdehghan and Prof. Fidler helped
complete the idea. All the authors contributed to the manuscript writing and Prof. Kutulakos
supervised the project.



Chapter 2

Background

In this section, we provide research background for the thesis. We rst have a brief
overview of imaging systems and 3D reconstruction algorithms in Séand Sec2.2

Next, we introduce differentiable imaging systems (Se8), including their advantages,
differentiation and optimization designs. We focus on two speci ¢ imaging systems, where
we talk about rendering pipelines in S@c4 and structured light systems in S@cs.

2.1 Imaging Systems

Optical imaging systems are developed to measure the properties of a scene, including its
appearance, geometry, light, materedt; In the past two centuries, various imaging systems
have been created. As the most popular choice, digital cameras, such as those integrated on
smartphone devices, are used by billions of people to take photos every]dBg§ides

that, numerous imaging systems are created, such as Structured Light {5O)ine of

Flight (ToF) [56], LIDAR (Light Detection and Ranging), Single-photon Avalanche Diode
(SPAD) [1L07], so on and so forth.

The concept of imaging systems could be very broad. In addition to actual hardware devices,
there are also imaging systems in simulation. For example, in computer graphics we have
the rendering pipeline$] 2] to “take photos” of 3D models, which simulate cameras in
the virtual world. Recently, people further extend simulation to other imaging systems like
SL [23] or ToF [10€. Imaging is also not limited to visible light spectrum but can be
applied to infrared or ultraviolet cases, which is generally used in medical or astronomy
imaging like the computed tomography (CT) or radio telescope. In this thesis, we mainly
explore two imaging systems: the rendering pipelines and the structured light systems.

Although the measurements of imaging systems describe the scene proprieties, typically
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they are measured after transformation, projection, lossy comprestioGonsequently,

the measured data typically records entangled 3D properties of the scene, rather than
capturing each property independently. For example, the scene appearance recorded by
images is actually decided by the scene geometry projection, lighting condition and surface
material p41]. It might even be compressed with information loss when saving in JPEG
format [258. Therefore, recovering and disentangling each 3D property from the entangled
measurements would be a challenging task. To achieve this goal, people designed various
3D reconstruction methods. They either follow optical or geometric rules, or adopt learning
priors, which we discuss later.

2.2 3D Reconstruction Algorithms

Traditional 3D Reconstruction Methods 3D reconstruction is one of the most fundamental
problems in computer vision and computer graphics. As mentioned earlier, the goal of 3D
reconstruction is to recover 3D-related properties of a scene from measurements of various
imaging systems. In most cases, the measurements refer to images.

Before the era of deep learning, 3D reconstruction is typically solved with optical or
geometric prior knowledge. For example, optical methods adopt expensive temporal sensors
to measure the time of photon travels (ToF, LIDAR}]. Since the light speed is a constant,

we can therefore recover the geometry of the scene. On the other hand, geometric methods
utilize multi-view stereo matching algorithms (structure from motion, structured lighf) [

, 61]. If two pixels in two images are the projection of the same 3D point (which is called
correspondence), we can compute its 3D location based on stereo geometric constraints.
However, the performance of stereo matching is heavily in uenced by correspondence
matching accuracyl[9, 46, 217.

Previous methods also explore single-view 3D reconstruction, which recover the scene
geometry from a single-view image. As an ill-posed problem, it is addressed with both
geometric constraints and learning priors like vanishing points, T-junction occlusioncijes [

, , 289. Moreover, capturing light and material is a more challenging problem, which
requires specially-designed, expensive equipment like lighting stage135 24].

Deep Learning based 3D Reconstruction Methods Since 2012 [27], 3D reconstruction has
been largely boosted by deep learning. It is demonstrated that, with the help of massive
training data, neural networks can learn to predict from 2D images accurate 3D properties,
including shape, texture, light and materiak] 70, , ! , 149.

While great progress has been made, deep learning methods are dominated by supervised
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methods which require images together with the corresponding ground truth 3D properties.
For example, to recover 3D shapes from images with deep learning approaches, people have
to prepare annotated 3D ground truth (GT) shapes for the input images. However, annotating
3D shapes for real images is an extremely challenging t85§.[ The largest dataset till

now is PASCAL3D P77, which contains only a few thousands(oéal image, 3D shape)

pairs and is not enough to train a high-performant, generalizable neural network. Moreover,
the light and material dataset{q] contains even fewer examples, which makes the lighting
and material estimation tasks more challenging for deep learning approaches.

Due to the data limitation, people always train 3D prediction models on synthetic datasets,
in particular the ShapeNet dataset], ShapeNet contains 51,300 unique 3D models. By
applying computer graphics rendering pipelines, people can render 3D models into in nite
images with the corresponding 3D property labels. Next, deep learning models can be
trained on the rendered images to predict corresponding 3D properties. However, the models
trained on synthetic data have a performance gap when applied to real images| 267],

due to the distribution deviation between real and synthetic images.

2.3 Differentiable Imaging Systems

As mentioned earlier, 3D reconstruction and imaging are reciprocal procedures. As the

reciprocal step, imaging process describes how a imaging system records the 3D properties
of a scene and produces speci ¢ measurements. It contains rich optical and geometric
information that can be further utilized to promote the performance of 3D reconstruction.

A branch of works explore how to introduce imaging prior knowledge into deep learning.
Some of them focus on applying optical and geometric prior knowledge as regularization
terms and object functiong$7, 161, 261], which has shown to help regularize the network
and achieves strong performance boost. On the other side, instead of applying imaging priors
as losses or regularization terms, recent works move one step further by re-formalizing the
image formation models or the imaging systems in a differentiable manner and embedding
them in learning frameworks3g, 39, ! ) , ) , , \ ) ) i

: ! : ) , 36, y , ) ], which have demonstrated tremendous
advantages.

Self-supervised Training with Differentiable Image Formation Models First and foremost, differ-
entiable imaging systems solve the severe data problem in 3D reconstruction tasks. Take the
image based 3D reconstruction task as the example. Supervised methods rely on images with
3D ground truth which is expensive to acquire@)[260, 267]. In contrast, by incorporating
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differentiable image formation models into deep learning pipeline, the networks can be
trained in a self-supervised manner without any 3D supervision.

For example, given an input image, we could employ a neural network to predict its 3D
properties. Next, we adopt the differentiable image formation model to convert the 3D
properties back to an image and supervise the network via the loss between the rendered
image and the input image. The inherent optical and geometric constraints inside the image
formation models will help regularize and re ne the network to predict 3D properties to be
consistent with the input image. Therefore, the network can be trained totally on 2D images
but predict reasonable 3D properties without any 3D supervision.

Recent works have demonstrated this bene t on a variety of 3D reconstruction tasks, in-
cluding 3D object reconstructior?{9, , 38, ! ) ) ], scene reconstruc-

tion [171, 247, material and light estimatior?B& 39, 255, or even protein recovery’p4.

It largely relieves the data-hungry problem in deep learning and can be further applied not
only in synthetic domain but also to real data, make it possible to recover 3D properties
from real images491, 150.

Along this direction, we focus on differentiating the rendering pipeline and embedding it
into deep learning to predict 3D properties from 2D images. We show detailed shapes,
exquisite texture maps, accurate lighting and material parameters are all inferable from 2D
photographs without any 3D supervisidit] 39, 291]. We talk about this part in Seg,

Sec.4 and Secb.

Tuning Imaging Parameters for Downstream Tasks Moreover, differentiable imaging systems

also support to propagate informatiang, gradients) to imaging parameters, which allows

to explore the best settings they should adopt under speci ¢c downstream tasks. It enables
automatically tuning the imaging systems, discovering the most appropriate imaging param-
eters such as camera settings [, 24 or system illuminations172, 4(], which generally
requires expert knowledge in previous works.

As a frontier research topic, recently many works have appeared along this diréctipn [

\ i i ) . 36, \ , ) ]. Existing works have spread to varying
modalities, including the structured light systeim' ¥, 40], camera image signal processor
(ISP) [36, . , ! , 210, diffractive optical element (DOE)[39, , 247, or
holography £2, 194]. Besides tuning the parameters of 3D imaging systems to boost 3D
reconstruction tasksl [ 2, 40], differentiable imaging systems are also adopted in a variety
of downstream tasks like dark imagingd, high dynamic range (HDR) imaging §1, 210,

], holography display32, 194, or even high level vision tasks like object detection and
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segmentationl[/7], and have demonstrated signi cant performance boost.

Along this direction, we explore the optimal system illuminations in the structured light 3D

imaging systemsl[/2, 40]. In contrast to previous approaches which use manually designed
illuminations, differentiable imaging systems allow us to tune system illuminations under
user-speci ¢ imaging conditions. We show the optimized illuminations achieve substantial
improvements in 3D triangulation accuracy. We discuss this part in6Sead Sec?.

Differentiation and Optimization Design ~ Lastly, we brie y talk about the differentiation and
optimization design for imaging systems. Since different imaging systems have distinct
imaging formation models, there is no general way to differentiate all of them. Different
imaging systems require speci c differentiable designs. Roughly speaking, existing works
can be categorized into two classes: differentiable approximation and hardware-in-the-loop.
The former focuses on how to approximate the imaging process in a differentiable way. For
example, designing the differentiable image formation modeis][ approximating the

gradients [ 57, i , 38, 12§, or even using a neural network to simulate the imaging
process 148 36, 274, 191]. On the other side, people also propose to directly put the actual
imaging systems in the optimization, which is called hardware-in-the-lo®g [0, 177].

It is worth mentioning that, the goal of hardware-in-the-loop is to explore the best imaging
settings under speci ¢ downstream tasks, which can also be formalized as an optimal
parameters searching probleime,, searching optimal parameters to minimize an objective
function. Under such a scenatrio, it is not necessarily to have a differentiable system to
apply gradient-based optimization methods. Instead, the imaging systems can be treated
as a black box function and a variety of gradient-free optimizatian][can be adopted,

such as Bayes optimizatiofif3, or evolutionary algorithms{1]. For example, Moslelkt

al. [177] optimize camera ISP parameters with Covariance Matrix Adaptation Evolution
Strategy (CMA-ES) algorithm and demonstrate the searched imaging parameters improves
the downstream tasks.

However, differentiable imaging systems are more preferable, as the gradient-free opti-
mization methods are hard to scale to high dimensionality, larger than 1,000 dimen-
sions pP04]. As a result, they can hardly be applied to imaging systems with thousands of
parameters. In contrast, differentiable imaging systems allow us to conduct optimization
with large-scale parameter. For example, i, 40] we differentiate structured light
systems to optimize the optimal system illuminations, which are composed of more than
10,000 parameters More importantly, differentiable imaging systems is compatible with

the deep learning pipeline and can therefore be embedded into neural networks to do joint

1We optimize system illuminations at the scale of 4096 pixels * 5 patterns
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optimization. The gradients can not only explore the best imaging parameters but also re ne
the network weights to better match the chosen hardware systems. Compared to gradient-
free optimization methods which only tune the imaging systems themselves, we show joint
optimization of both imaging systems and neural networks brings further performance
improvement40].

Till now we have covered a wide range of imaging systems. However, in this thesis we
focus on the two of them: rendering pipelines and structured light systems. In the following
sections we brie y introduce the background knowledge of the two systems and talk about
the detailed differentiable reformulation in later chapters.

2.4 Differentiable Rendering

Developed in computer graphics, the rendering pipeline can be treated as a virtual camera
to “take photos” of 3D models in the virtual world. The format of 3D models is typically
triangle meshes, but it could also be in other types like voxed]| point cloud pa(,

and signed distance function (SDEX[. In this thesis, we focus on triangle mesh based
rendering and its differentiable reformulatiorbf/, 122, 38, ., 129.

The rendering pipeline is not designed to be differentiable in its original form. The technique
of differentiable renderingims to re-formulate it to become a differentiable process. Once
done, it allows gradient computation from 2D images to various 3D model attributes,
including the 3D geometry, texture, light and material. The gradients are very helpful and
can be further utilized in a lot of applications like 3D optimizaticii} ], single view

(el

3D reconstructionI2?2, , 38, 39], and intrinsic decomposition (.

In the below sections, we rst describe the general rendering equation (RE]) [ncluding

its formula and explanation of each term. We also provide an overview of bidirectional
re ectance distribution function (BRDF)/[]. We then talk about two rendering pipelines:
Monte Carlo ray-tracingandrasterization which are two different implementations of RE.

We brie y introduce Monte Carlo ray-tracing based rendering pipeline and talk about the
dif culties in differentiating through Monte Carlo ray-tracing. Next we describe rasterization
based rendering pipeline and its differentiable design. We focus on rasterization since it is
fast, computationally ef cient and can be integrated within deep learning algorithms. Lastly,
we talk about important applications and limitations in differentiable rendering.
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2.4.1 Rendering Equation

Non-emissive Rendering Equation Let's start from a non-emissive rendering equation (RE)
[115. AssumeM is a 3D object in a virtual scene, the outgoing radialbgat any surface
pointx 2 M in the camera directioh is given by
Z

Lo(X;! o) = » f.0G T L Djn tydt (2.1)
wherel; is the incident radiancd, is the (spatially-varying) bidirectional re ectance
distribution function (SV-BRDF)n is the surface normal at The domain of integration
is the unit hemisphere ? of incoming light directions ;. The BRDF characterizes the
surface's response to illumination from different directions and is modulated by the cosine
foreshortening ternn ! j. Intuitively, Eq.(2.1) captures an energy balance and computes
how much light is received and scattered at a shading point in a particular direction.

BRDF Overview While other terms are relatively straightforward to understand, we provide
a brief explanation of bidirectional re ectance distribution functions (BRDFs). More details
can be founded in/Z]. Intuitively, BRDF evaluates the re ectance property of object surface,
i.e., given a light source, how much light is re ected at a speci c direction. Following the
similar notations in 7], BRDF is de ned by the ratio from the outgoing radiance to the
incoming irradiance:

|
(it o) = St
_ dLo(! o) ’ '
Li(t )jn !ijd!
Here,! ;;! , are the incoming and outgoing directiohd. , is the surface leaving radiance

(the re ected ux per unit area per unit solid angle, with the unitﬁéﬁ%g). E isthe irradiance
(e.g, the incident ux per unit area of the surface, with the unit3. dE(! ;) denotes
the small piece oE along! ; while dL(! ,) denotes the small piece b§(! ,) that comes
fromdE(! ;). Therefore, the unit of BRDF iélF- The irradiancaE(! ;) from direction! ;
is equal to the incoming radiantg(! ;) times the cosine tergm ! ;j and the solid angle
d! i, where:dE = Li(! j)jn ! ;jd! ;. We illustrate the BRDF in Fig2.1.

The BRDF describes the re ectance characteristics of the surface material. In the simpli ed
case, it is assumed that all the surface points share the same BRDF property (homogeneous
BRDF,f (! i;! o). However, in real world surface material is much more complicated and

2More precisely, they are solid angle in BRDF formulas
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Figure 2.1: BRDF lllustration . The BRDFf(! ;! o) from incoming direction! ; to the outgoing directiont , is de ned as

d !
fr(t il o) = ot e

might have spatial-varying propertiesg, the car body is metallic while the tires are diffuse.
Therefore, to represent non-homogeneous surface material, we extend homogeneous BRDF
by spatially-varying BRDF(SVBRDF(x;! i;! )). As shown in Eq(2.1), we introduce

an extra parametex to take account the different BRDF properties in different locations of

the surface. While BRDF only explains the surface material properties, it has limitations to
model special materials like transparent objects, scattering media, and non-surface geometry
like hair or fur. People also proposed advanced models to represent these special materials,
which is beyond the scope of this thesiSf, 114, 194.

The BRDF should satisfy some physical rules. In summary, it should be non-negative,
reciprocity and energy conservation.

1. Non-negative: BRDF is a non-negative function. For any incoming irradiance direction
and outgoing radiance directioh! ;! o) O.

2. Reciprocity: Based on Helmholtz reciprocity principle, the light path is reversible.
That's to sayf,(! ;! o) = (! o;!i). However, in some special casesg, non-
corresponding states of polarisation for incident and emerging uxes, this rule might
not hold [43].

3. Energy conservation: Overall, the re ected energy cannot exc&ed the incident energy.
Namely,L, E.We can also re-write it in the form of the integral;, f.(! i;! o)jn
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jdl ;L

However, in practice, BRDFs might violate the 3 rules, due to simplicity or computation
ef ciency [57, ]. For example, in Unreal Engine 4], the split-sum BRDF model
violates the energy conservation rule and the total energy might be larger than 1.

There are many BRDF models15, , 29, 57, 44] to represent different surface material
properties. One of the most simplest BRDF model is Lambertian model, which is used
to represent the purely diffuse surface. Here, the BRDF is modelled as a constant value:
f.('i;! o) = 2, whereais the surface albedo. It is largely used in many graphics applica-
tions due to its simplicity and high ef ciency. However, as a constant, it cannot represent
view-dependent effects. Later, Phong modgl(] is proposed to represent non-Lambertian
surface, where the BRDF is modeledfad ;! ;) = ks(! r ! o) . whereks and are:
specular re ection and shininess constamtg.are the direction of ; after being perfectly

re ected. In ChapteB our rasterization based differentiable rendering discussed these two
shading models.

Lambertian and Phong models, while computationally fast and widely used in graphics
applications, can only represent diffuse and simple specular rendering effects. Also, they
cannot model the realistic view-dependent surface re ectance efeegtehe car body might

re ect the surrounding environment. Therefore, more physically based BRDF models have
been proposed to address the realistic re ectance effects. The Cook-Torrance #bdel [
popular in computer graphics, as it distinguishes between metals and dielectrics and provides
reasonable results and direction dependencies. The model is de nigd! ad ,) =

3 + DUnELoe)BCiRo) where the rst part is Lambertian diffuse re ection while the
second term is specular re ection. As for the specular component, it adopts microfacet
surface model and uses the normal distribution funciiqh ) and half vector | to
represent the surface propery.is the Fresnel ter is the shadowing term which states
how many facets are occluded from different view angles. In Chdpter one-bounce ray
tracing based differentiable renderer utilizes this model.

2.4.2 Monte Carlo Ray-tracing based Rendering Pipeline

Monte Carlo Ray-tracing  Estimating the RE typically requires Monte Carlo (MC) integration
[199, which involves tracing rays from the camera into the scene. It also recursively
considers rays bounced from one 3D point to another 3D point, until they arrive at light
sources or reach the max recursion limit. The rendering process is also called physically
based rendering (PBR) when incorporating with physical based BRDFE519, 57, 44]. In

such a case, it satis es physical rules and could represent realistic, global illuminations and
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complex materials such as re ection, shadow, transparetcyVhile physically correct,

this process is computationally expensive and does not generally yield a closed-form solution.
MC estimators can exhibit high variance and may produce noisy pixel gradients at low
sample counts, which may signi cantly impact performance and convergence. To keep the
problem tractable, people make several simpli cations [2dl) and developasterization

to accelerate rendering process. In below sections, we brie y introduce how to differentiate
the general rendering equation (Eg.1)) through Monte Carlo ray-tracing based rendering
pipeline. We discuss rasterization based rendering pipeline in2Seé.

Differentiable Rendering Equation ~ To differentiate the rendering equation (£g.1)), let's
start from the basic Leibniz integral rule]{

Zb()f( y Zb()df( v
— X; )dx = —f(x; )dx
d o) a) d
IO R ICPHPLaS: 23)
X .
IO ERICI SN S
where given an integritz( )) f (x; )dx, we wantto compute its gradien(-fs ztz( )) f(x; )dx

with regard to some parameters Leibniz integral rule tells us that in order to compute
the derivatives of an integral, we need to consider three parts. The rst term is to move the
derivatives inside the integral, which is straightforward. However, in addition to that, the
second term accounts for the changes in the integral limits while the last term considers all
the discontinuities of integrand depend onBasically, the second and third terms explain
the boundaries and discontinuities cases.

We can apply Leibniz's rule to RE with some generalization (Reynolds Transport Theo-
rem) [284, 285. To compute the derivatives of the image with regard to the 3D attributes
we have:

z
dLo(x;! d . .
Tolilo) = Lttt aliot gin tijgal

AL (2.4)
+ gdl :

@.|2

Here, the rstterm is described as interior integral while the second term is called boundary
integral. The interior integral accounts for the local parameters like BRDF parameters in

each local point, while the boundary integral represents all the boundaries and discontinuities
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in ray tracing. These cases generally happen in the edges of geometry or lighting. For
example, considering two neighbour rays, one hits the foreground while the other hits
background. The interior part can be addressed via auto-differentiatigh However, the
boundary part requires special consideration.

Monte Carlo Ray-tracing based Differentiable Rendering Methods A branch of methods1}44,

) X , 16] have been proposed to address the boundary integradt ali [144]
propose the rst Monte Carlo ray-tracing based differentiable rendering method. To address
the discontinuous parts, it employs a novel edge sampling method to capture the changes
at boundaries. Instead of silhouette sampling, Logel. [155 propose to reparametrize
the integrals to remove the discontinuities. Typically, the boundary integrals happen at the
points that depend on the scene parameters. As such, the reparametrization helps remove
the dependency and therefore cancels the boundary terms, though at the cost of introducing
biased gradients. Bangaetial. [16] propose to fast approximate the boundary terms by
sampling the continuous area instead of the silhouette. While above methods address bound-
ary terms in the rendering equation, Zha@l. [285 284 propose methods to estimate the
derivatives in the path integral formulation, which is unbiased and computationally ef cient
as it does not need to nd object silhouette edges explicitly.

On the other side, ray tracing typically involves millions of light path computation and
several works 86, \ , 105 focus on address the integral integrals ef ciently. Nimier-
David et al. [186] propose Mitsuba2, a famous graphics rendering library which adopts
auto-differentiation designlp4] and supports to compute derivatives during rendering
process. On top of that, Nimier-Davéd al. [185 and Vicini et al. [25¢ employ adjoint
method to reduce the heavy computation memory cost in auto-differentiation. dakob
al. [105 propose a new compiler to further speed up the rendering and its derivative
computation process.

Challenges in Differentiating through Monte Carlo Ray-tracing While great progress has been
made, currently it is still hard to apply Monte Carlo ray-tracing based differentiable ren-
dering methods in learning pipelines, especially for deep learning tasks. The challenges
mainly happen in three aspects: computational ef ciency, implementation dif culty, and
optimization complexity.

1. Computational Ef ciency: Although the above approaches can handle complex light
transport effects, the Monte Carlo ray-tracing methods rely on heavy ray samples.
As a result, ray tracing based differentiable rendering methods are computationally
expensive. For example, rendering one image could take a few seconds to tens of
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seconds. Moreover, the memory cost is also huge in ray tracing, which may takes
a few GB GPU memory. The slow rendering speed and heavy memory cost restrict
the ray-tracing based differentiable rendering methods to be mainly adopted in 3D
optimization tasks184], which require only hundreds of iterations. However, they are
still not suitable to be applied in general learning tasks that might take several hundred
thousand iterations.

2. Implementation Dif culty: Monte Carlo ray-tracing based differentiable rendering
pipelines are very dif cult to implement. The implementation typically involves com-
plex mathematical and coding efforesg, writing various CPP and CUDA programs.
Although open-source libraries existi6, 284], they are very heavy and have a speci c
data format. Currently, these libraries ares till hard to be incorporated within popular
deep learning pipelines like PyTorch or TensorFlow.

3. Optimization Complexity: Lastly, due to the complex light transport and the high
variance in Monte Carlo sampling, ray-tracing based differentiable rendering tasks have
fragile gradients which make the optimization process very dif cult to convergence. In
the typically optimization task®.g, optimizing 3D parameters such that the rendered
images looks similar to the GT images, a good initialization is neetleéd.[Recently
Vicini et al. [257] explore combining ray-tracing based differentiable rendering with
implicit representations to optimize from scratch, but optimizing with explicit meshes
from scratch is still challenging.

2.4.3 Rasterization-based Rendering Pipeline

Ray tracing considers lighting propagation with multiple bounces, resulting in global
illumination effects such as re ection, refraction, shadete, However, it generally requires

more memory usage and has a much slower rendering speed. In contrast, rasterization-based
rendering pipeline simpli es RE to achieve real-time rendering speed. It only considers rays
from the camera origin to the object surface without extra bouneesthe primary rays.
Moreover, it mainly adopts simpli ed, local shading models, such as Lambertion, Spherical
Harmonic, or Phong model&(0, 68]. Instead of sampling rays to compute the integral,
these local shading models approximate shading effects with some analytical illumination
functions. As a result, it is much faster and suitable for simpli ed lighting and material
conditions, but fails to represent advanced global illumination effects.

Rasterization-based rendering pipeline has been developed for more than 30 years and has
already been implemented as standard librafies][ The modern pipeline is composed of
a series of functional steps called shaders. The 3 most important shaders are vertex shader,
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rasterization, and fragment shader. In vertex shader, a 3D object is projected on the 2D
image plane. Then, rasterization decides which pixel is covered by which triangle face
(only considering rays from camera origin to object surface without extra bounces). Finally,
fragment shader decides how to draw the colours for each pixel, based on selected local
shading models. For more details, please referitd. [

Rasterization-based Differentiable Rendering Similarly, the rasterization-based rendering pipeline

is also not differentiable. Among the 3 shaders, vertex shader consists of matrix multipli-
cation and fragment shader is composed of some arithmetic operations. Therefore, these
two shaders are differentiable. The non-differentiability happens in rasterization, where the
rendered edges of 3D models are not continuous. For example, let's consider a foreground
pixel nearby edges. Since it is covered by a face, it should have gradients. Nevertheless, if
we move outside a little to a background pixel which is not covered by any face, it won't be

in uenced by any face and thus should not have any gradients. Due to discrete pixels, we
have discontinuity in the edges, which makes the rasterization non-differentiable. Therefore,
the whole rendering pipeline is not differentiable, either.

As such, differentiable rendering works generally re-formulate the rasterization to make it
differentiable in the edges. Back to 2014, Loper and Black] propose the rst general
differentiable rendering framework called OpenDR. The idea is very intuitive: the gradients
from 2D images to 3D properties could be computed in a numerical way. For example, we
will get a shifted image if the 3D models move towardsr y directions. Thus, the gradients

to 3D vertex position can be computed by the image gradients (differences between the
shifted image and the original image) dividing the shifting distance. OpenDR simply uses
Sobel operator to compute image gradients and restricts the moving distance as 0.5 or 1
pixel. Later, Katoet al. [127] extend the movement to arbitrary distance in the image. They
propose neural 3D mesh renderer (N3MR), which rst combines the differentiable rendering
with neural networks to predict 3D meshes from 2D images without 3D supervision.

The gradients in OpenDR and NMR are all computed numerically with limited precision.
Next, Liu et al. [154] propose to turn the rasterization step from hard selection to soft
merging. In the original form of rasterization, each pixel is only covered by one face
while in their method, each pixel is in uenced by all the faces with the weighted average.
This method is called soft rasterizer (Softras). By this way, gradients are not restricted
in the foreground pixels but happen to all the pixels in the image. The gradients can also
be computed analytically since Lit al. [154] choose the soft merging functions to be
continuous.

All the previous works focus more on back propagating gradients to 3D vertex position,
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Figure 2.2:Single-view 3D Object Reconstruction Given an input image, we could employ a neural network to predict geometry, light,
and texture. During training we render the prediction back to a new image. We then compute the 2D image loss between input image and
rendered prediction to train the network. Therefore, no 3D supervision is heeded.

with limited support on other 3D properties like texture or lighting. In this thesis, we
propose DIB-R $8], which is an interpolation-based differentiable renderer that supports
back propagating gradients to all the common properties, including vertex position, vertex
color, texture, texture coordinate, lighting, material, etc. The following-up works of DIB-
R [29]] extend to real imagery shows more vivid 3D reconstruction results, especially in
texture prediction. Lainet al. [128] propose NVdiffrast, aiming for high performance and
supporting more properties in the rendering pipeleng, mipmap or depth peeling. Built

on top of OpenGL, NVdiffrast achieves much faster rendering speed and supports high
resolution meshes with millions of faces.

2.4.4 Applications & Limitations

Image based 3D Optimization Differentiable rendering computes gradients from 2D images to

3D attributes, which allows it to be embedded in the optimization tasks to re ne 3D properties
with 2D images. For example, given the initial geometry and a GT image, we could render
the geometry to an image and evaluate the difference between the rendered image and the
GT image. Next, we compute the gradients with regard to the geometry, optimizing the
vertex position such that the rendered image is close to the GT. The optimization does not
need any 3D supervision, which relieves the data requirement since 3D data is generally
expensive to acquire. It can be used in many applications, including 3D design, games, and
test-time optimization60, 184].

Single-view 3D Object Reconstruction Differentiable rendering can further be embedded
within deep learning to learn to infer 3D properties without any 3D training data. As
shown in Fig.2.2, given an image, we could employ a neural network to predict its 3D
properties, e.g. geometry, light and texture. Next, we adopt differentiable rendering to render
the properties back to an image and supervise via the loss between the rendered image and



22 CHAPTER 2. BACKGROUND

input image. Similarly, the network can be trained totally on 2D images without any 3D
supervision. Many differentiable rendering works have demonstrated this application, such
as [L22 38, 154].

Limitations ~ Rasterization-based differentiable rendering methods have been demonstrated
in single-image 3D reconstruction tasks to recover reasonable shape and texture. However,
one limitation is that they can not handle global illuminations. Global illuminations generally
come from multiple bounces light propagation and produce advanced lighting effects such as
re ection, refraction and transparency. Currently, all rasterization-based rendering methods
adopt local shading and do not support secondary lighting effects. Consequently, when the
input image has re ection, the recovered texture is always not clean and entangled with
lighting effects.

On the other hand, while ray tracing based differentiable rendering methods supports
global illumination, they are generally time-consuming and memory inef cient. Current
pipelines [L44, 186 are very heavy and can hardly be embedded in deep learning. That's to
say, we cannot simply solve this problem by replacing rasterization to ray tracing in neural
networks.

Since both rasterization and ray-tracing methods have pros and cons, in this thesis we further
propose to develop a new hybrid differentiable rendering pipeline that takes advantage of
both sides }9). It is lightweight to be incorporated in networks, as well as supports higher
order lighting effects to handle non-Lambertian surface in the images. We will discuss it in
Sec4

2.5 Structured Light Systems

Structured light triangulation is a widely used 3D scanning technique. Typically, a structured
light system is composed of a projector and a camera. As an active imaging system, the
projector will send light signals to the environment while the camera will capture images
with the active light signals. Such light signals encode spatial information. After capture,
we decode the depth of the scene by matching the images and the projected light signals.

2.5.1 Structured Light Triangulation

Fig. 2.3illustrates how structured light triangulation works. To acquire the depth of the

object (e.g., the bunny), we rst put it in front of the projector and camera. Next, we prepare
multiple images for the projector to project. The projected images are the illuminations of
the system, which are callguhtternsor codes Speci cally, assume we hav€ patterns to



2.5. STRUCTURED LIGHT SYSTEMS 23

Figure 2.3:Structured Light System Overview.

project (Fig.2.3left). We will project each pattern sequentially and capture the correspond-
ing imagesK patterns generaté captured images (Fig.3, right). Thus, for the pixetjin

the camera, it hak captured intensities and form¥&adimensions feature, which we call
observation vectop.

Our goal is to nd the correspondence pf in the projector pixels, namely, which pixel of

the projector directly illuminateg. In Fig. 2.3it is pixel p in the projector that illuminates

pixel g in the camera. If the correspondence is known, we can then infer the degth of
based on triangulation math. For example, we can shoot two rays from the projector and
the camera origins. The two rays will intersect in the 3D space, which is a 3D surface
point of the object. The depth can be further computed based on the intrinsic and extrinsic
parameters of the projector and the caméri.|

Here, we restrict the path to be direct path. It means the 3D surface point will be directly
illuminated by the projector pixgd and it also directly hits the camera pix@lOnly under

direct path can we apply the triangulation model. Such a light path is called direct light.
Sometimes, the pixaj might be illuminated by multiple pixels in the projector, due to
several reasons like camera or projector defocus, inter-re ection geometry, or subsurface
scattering. It then becomes a harder problem since we need to distinguish the direct path
from other indirect paths/|, 187.

It is also worth mentioning that both the projector and the camera will project and capture
2D images. Nevertheless, it doesn't mean we have to match camerappdtle whole
projector image. The epipolar geometf#] constrains the possible searching space tof

be just one line of the projector image. For example, in Eig, the projector origin, the
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camera origin, and the pixglde ne a plane which intersects with the projector plane and
forms anepipolar line If we only consider direct light, the possible correspondence pixels
of g must lie in that epipolar lineg3]. As a result, it reduces the search space from 2D to
1D.

Moreover, it means that instead of projecting 2D patterns, we can simply project 1D patterns

since if we know the column correspondence, we can then infer the row correspondence
based on the epipolar line. In this thesis we mainly focus on designing 1D patterns, which

are the column patterns as they have different values for different columns but the same
value for the same column. Designing 2D patterns would be a promising future work.

2.5.2 Structured Light Patterns

Structured light can be treated as a variant of stereo matching. In stereo matching, two
or more cameras are adopted to capture images and we do matching between the images.
Alternatively, in structured light triangulation, we have a projector and a camera to project
patterns and capture images. Thus, we do matching between the patterns and images.
Compared to captured images, patterns are totally controllable light sources. That's to say,
we can project patterns with distinguishable structures to help matching algorithms.

Moreover, images captured in stereo matching are generally 1-channel gray or 3-channel
RGB images, where each pixel contains at most 1-dimension or 3-dimension features. As
a result, each pixel contains too little information to nd the correspondence. To improve
accuracy, people gather neighboring pixels together, conducting stereo matching between
patches [7]. In contrast, the number of the projected patterns is not limited. We can project

K patterns (for instancé& > 3) to collect more information for each pixel, which allows

us to achieve dense pixel-size matching.

Clearly, patterns play a vital role in structured light triangulation. The projected patterns
should contain rich structure information to maximize the correspondence matching accuracy.
Furthermore, we want to project as few patterns as possible to reduce the capture time. Such
two goals have derived a series of patterns designed in different ways, ranging from binary,
discrete | 7, 3] to continuous patterns2p3 74, 174.

Discrete patterns/[/, 3] Il each pixel with binary values, but require more patterns to

nd the correspondence as each pixel contains only 1-bit information. Continuous patterns
assign each pixel with continuous values. For example, Phase Shifting (PS) patterns and
their variants P93 74, 175 generally apply sinusoidal curves. We show two examples of
continuous patterns in Fig.4. However, previous works generally design patterns based
on heuristic rules, which have limited or even no optimal guarantees. In this thesis we
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Micro Phase Shifting Patterns4] Hamiltonian Patterns/]

Figure 2.4:Structured Light Pattern Examples. We show two sets of manually designed structured light pattérns @ ). Left is
Micro Phase Shifting (MPS) Patterns/, where the frequency = 16. Right is Hamiltonian 8] designed by maximizing Hamiltonian
path.

show patterns can be automatically optimized instead of manually designed. Moreover,
such optimized patterns achieve much better correspondence accuracy than the hand-crafted
methods under various scenes and devices

2.5.3 Structured Light Decoding Algorithms

Since the patterns encode spatial information, the correspondence matching can be treated
as a decoding process, where we decode the correspondence for each pixel in the camera,
guring out which projector column it comes from. In previous works, people have designed

a variety of patterns, and each has an accompanying decoding algorithm that ts the
properties of the patterns. Different patterns result in distinct decoding algorithms. Below
we introduce a very common phase shifting decoding algorithm for sinusoidal pattéfis [

Sinusoidal patterns are widely used in structured light triangulation. The patterns are
composed of sinusoidal curves with frequehcyAssume we project cosine curves=

cogq?2 !'x ). Here, each projector column has a speci ¢ phase. We compute the phase of
projector columrm by:

_ p
=21 (2.5)

Next, we uniformly shift the patterr§ times. As a result, the value k" pattern in column
pis de ned by:

k
ck = cog (p)+2 K) (2.6)

Assume a pixet]in the camera is corresponded with projector colyywe describe the
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imaging formation model of pixed as:

plé = an:; + bgq
2k (2.7)
= agcoq (p) + T)"' bq

Here,a andb denote the albedo and the ambient light at ptxeEq. (2.7) says that if a
camera pixeg is corresponded to the projector columand we projecK phase shifted
patterns with frequency, the image intensitp'é captured for th&™ pattern would be the
albedoa, times the projector column intensiqz plus the ambient lighb,.

The unknown variables in this equation are the alb&g@mbient lighto,, and the phase
(p). To recover them, we can solve a linear system wKen 3:

Pq= Mu (2.8)

In the linear systenpq are the observed values while veatior [bg; aqgcoq (p)); aqSin( MK
is rearranged unknown variabléd. is aK 3 coef cients matrix and th&" row of M

is 1;coq2 £); sin(2 &) . If uis known, we can further computg, bq, and (p),
respectively.

Note that whent > 1, we cannot recover unique column from phase since more than one
column will have the same phase (Recall thgt) = 2 ! ). To resolve this ambiguity, we
project patterns with multiple frequencies to decide column position.

Phase shifting has good performance in the idealized condition, e.g. projector and camera
are in focus and there is no indirect light. However, when the camera pixel receives light
from multiple projector columns due to defocus or global illuminations, the recovered phase
will be different from the actual one. Besides phase shifting patterns, people also develop
different decoding algorithms for different patterns. In this thesis, we provide a general,
near-optimal decoding algorithm that can be applied for all the patterns, which we detail in
Chapter6.



Chapter 3

An Interpolation-based Differentiable
Renderer

Many machine learning models operate on images, but ignore the fact that images are
2D projections formed by 3D geometry interacting with light, in a process called render-
ing. Enabling ML models to understand image formation might be key for generalization.
However, due to an essential rasterization step involving discrete assignment operations,
rendering pipelines are non-differentiable and thus largely inaccessible to gradient-based
ML techniques. In this chapter, we pres@iB-R, a differentiable rendering framework
which allows gradients to be analytically computed for all pixels in an image. Key to our
approach is to view foreground rasterization as a weighted interpolation of local properties
and background rasterization as a distance-based aggregation of global geometry. Our
approach allows for accurate optimization over vertex positions, colors, normals, light
directions and texture coordinates through a variety of lighting models. We also apply
DIB-R in single-view 3D object reconstruction tasks, which can be trained exclusively using
2D supervision. Compared to prior works, DIB-R demonstrates more faithful shape and
realistic texture recovery, achieving new state-of-the-art results.

3.1 Introduction

3D visual perception contributes invaluable information when understanding and interacting
with the real world. However, the raw sensory input to both human and machine visual
processing streams are 2D projections (images), formed by the complex interactions of 3D
geometry with light. Enabling machine learning models to understand the image formation
process could facilitate disentanglement of geometry from the lighting effects, which is key

27
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in achieving invariance and robustness.

The process of generating 2D images from 3D models is cediedering Rendering is

a well understood process in graphics with different algorithms developed over the years.
These fall into different categories based on how the light transport is being modelled.
Rasterizatiorbased techniques are the fastest as they only geometrically project 3D objects
onto the image plane but do not model more advanced lighting effects such as shadows and
indirect light. Ray tracingalgorithms are able to handle these effects via more complex
optical simulation but require high computation and memory cost.

Making rendering process amenable to deep learning requires us to differentiate rendering
pipelines. While ray tracing is too slow, most of learning based differentiable render-
ing works focus on rasterization-based renderers. Existing approaches typically compute
approximate gradients.p7, 127 which impacts performance. Furthermore, current differ-
entiable rasterization methods fail to support differentiation with respect to many informative
scene properties, such as textures and lighting, leading to low delity rendering, and less
informative learning signalsLp?, 154 .

In this chapter, we present DIB-R, an approach to differentiable rendering, which, by
viewing rasterization as a combination of local interpolation and global aggregation, allows
for the gradients of this process to be computed analytically over the entire image. When
performing rasterization of a foreground pixel, similar t@]f we de ne its value as

a weighted interpolation of the relevant vertex attributes of the foreground face which
encloses it. To better capture shape and occlusion information in learning settings we
de ne the rasterization of background pixels through a distance-based aggregation of global
face information. With this de nition the gradients of produced images can be passed
back through a variety of vertex shaders, and computed with respect to all in uencing
vertex attributes such as positions, colors, texture, light; as well as camera positions. Our
differentiable rasterization's design further permits the inclusion of several well known
lighting models.

More importantly, DIB-R can be embedded in neural networks to predict 3D object properties
from a single view 2D image. Traditional supervised methods always require preparing 3D
ground truth to supervise the training, which is hard to acquire. Following the “analysis
by synthesis” principle, DIB-R is able to render 3D properties back into images and train
the networks via minimizing the loss between the rendered image and the input image.
Therefore, it supports 3D predictiavithout any 3D supervisigreducing the expensive

data demand. We showcase DIB-R in challenging machine learning applications focusing
on 3D shape and texture recovery, where we achieve both numerical and visual state-of-the
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art results.

3.2 Related Work

OpenDR [L57], the rst in the series of differentiable rasterization-based renderers, ap-
proximates gradients with respect to pixel positions using rst-order Taylor approximation,
and uses automatic differentiation to back-propagate through the user-speci ed forward
rendering program. In this approach, gradients are non-zero only in a small band around
the edges of the mesh faces, which is bound to affect performanc$ Hand-designs an
approximate gradient de nition for the movement of faces across image pixels. The use of
approximated gradients, and lack of full color information results in noisy 3D predictions,
without concave surface features. To analytically compute gradients, Papara3and its
following-up [159, propose to back-propagate the image gradients to the face normals, and
then pass them to vertex positions via chain rule. However, their gradient computation is
limited to a particular lighting model (Spherical Harmonics), and the use of face normals
further prevents their approach to be applied to smooth shadifg] dlesigns a&C* smooth
differetiable renderer for estimating 3D geometry, while neglecting lighting and texture.
[240) supports per-vertex color and approximates the gradient near boundary with blurring,
which produces wired effects and can not cover the full imagé] fbcus on rendering

of point cloud and adopts a differentiable reprojection loss to constrain the distribution of
predited point clouds, which loses point connectivity and cannot handle texture and lighting.

Concurrent to our work, SoftRas94] rst introduces a probabilistic formulation of ras-
terization, where each pixel is softly assignedaliofaces of the mesh. While inducing a
higher computational cost, this clever trick allows gradients to be computed analytically. Its
shading model incorporates vertex colors and supports texture and lighting theoretically.
However, in [L54] each pixel would be in uenced by all the faces and thus might result into
more blurry predictions. The key difference betweery/ and ours is that, similarly to

[67], we specify each foreground pixel to the most front face and compute analytic gradients
of foreground pixels by viewing rasterization as interpolatiotoeal mesh properties. This
allows our rendering effect the same as OpenGL pipeline and naturally supports optimization
with respect to all vertex attributes, and additionally enables the extension of our pipeline to
a variety of different lighting models. We demonstrate our design achieves better shape and
texture prediction. In contrast tG¥], which also uses an interpolation-based approach, but
providing no learning signals to the background pixels, our rasterization module allows for
soft assignment of background pixels through an aggregation of global features, enabling
better supervision signals in shape deformation, especially for the occluded geometry.
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3.3 Differentiable Interpolation-based Renderer

In this section, we introduce our DIB-R. Treating foreground rasterization as an interpolation
of vertex attributes allows realistic images to be produced, whose gradients can be fully back-
propagated through all predicted vertex attributes, while de ning background rasterization
as an aggregation of global information during learning allows for better understanding of
shape and occlusion.

3.3.1 Rendering Pipeline

Many popular rendering APIs, such as OpenGlgnd DirectX3D [], decompose the
process of rendering 3D scenes into a set of sequential user-de ned programs, referred to
asshaders While there exist many different shader types, the vertex, rasterization, and
fragment shaders the three most important steps for establishing a complete rendering
pipeline. When rendering an image from a 3D polygon mesh, rst, the vertex shader projects
each 3D vertex in the scene onto the de ned 2D image plane. Rasterization is then used to
determine which pixels are covered and in what manner, by the primitives these vertices
de ne. Finally, the fragment shader computes how each pixel is colored by the primitives
which cover it.

The vertex and fragment shaders can easily be de ned such that they are entirely dif-
ferentiable. By projecting 3D points onto the 2D image plane by multiplying with the
corresponding 3D model, view and projection matrices, the vertex shader operation is
directly differentiable. In the fragment shader, pixel colors are decided by a combination of
local properties including assigned vertex colors, textures, material properties, and lighting.
While the processes through which this information are combined can vary with respect
to the chosen rendering model, in most cases this can be accomplished through the ap-
plication of fully differentiable arithmetic operations. All that remains for our rendering
pipeline is the rasterization shader, which presents the main challenge, due to the inherently
non-differentiable operations which it requires. In the following section we describe our
method for rasterizing scenes such that the derivatives of this operation can be analytically
determined.

3.3.2 Differentiable Rasterization

Consider rst only theforeground pixels that are covered by one or more faces. Here,

in contrast to standard rendering, where a pixel's value is assigned from the closest face
that covers it, we treat foreground rasterization as an interpolation of vertex attrildiites|

For every foreground pixel we perform a z-buffering tesf][ and assign it to the closest
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Oty

Figure 3.1:lllustration of Our Differentiable Rasterization .

covering face. Each pixel is in uenced exclusively by this face. Shown in¥ig.a pixel

at positiony is covered by facé; with three verticesyp, %, ¥, and each vertex has its
own attributesug, Uy, U,, respectivelyg andy; v ; % are 2D coordinates on the image
plane whileug; u;; u, are per-vertex features. We compute the value of this plixalising
barycentric interpolation of the face's vertex attributes:

|i:!0U0+!1U1+!2U2; (31)

where the barycentric weights, ! ; and! , are calculated over the vertex and pixel positions
using a differentiable functions (provided in AppendiA.1):

e = k(Morviiv;B) (3.2)
k=0:;1;2 :
While barycentric interpolation has been widely used in OpenGL pipeline, we derive its
differentiable reformulation. With this approach, it is easy to back-propagate gradients from
a loss functiorL, de ned on the output image, through pixel valydo vertex attributesiy
and vertex positionsi via chain rule:

(3.3)
) i=1 @ ’
@l _* @@,
@y __, @h Qv
(3.4)
a
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whereN is the number of pixels covered by the face.

Now consider pixels which no faces cover, which we refer tbacskground pixels. Notice

that in the formulation above, the gradients from background pixels cannot back-propagate
to any mesh attributes. However, the background pixels provide a strong constraint on the
3D shape, and thus the gradient from them provide a useful signal when learning geometry.
Take, for example, pixeho which lies outside of facg;, in Fig 3.1. We want this pixel

to still provide a useful learning signal. In addition, information from occluded faces are
entirely ignored despite their potential future in uence.

Inspired by the silhouette rasterizetion abf], we de ne a distance-related probabilia};o,
that softly assigns fadg to pixelfo as:
; o) f:
Alo = exp( dieits)y (3.5)
whered(f0; fj) = min 24, jjfo vjj3 is the distance function from pixglo to facef; in the
projected 2D space. Similarly, our distance function also adopts square distance from the
pixel o to the closest point in the fade. The image coordinate gfo would be normalized
into [-1, 1] to avoid bias from different image resolutionsis a hyper-parameter that
controls the smoothness of the probability. We then combine the probabilistic in uence of
all faces on a patrticular pixel in the following way:

A .
Av=1 (1 Al); (3.6)

j=1
wheren is the number of all the faces. The combination offgllinto their respective pixel
positions makes up our alpha channel prediction. With de nition, any background pixel can
pass its gradients back to positions of all the faces (including those ignored in the foreground
pixels due to occlusion) with in uence proportional to the distance between them in alpha
channel. As all foreground pixels have a minimum distance to some fagdhafy must
receive an alpha value of 1, and so gradients will only be passed back through the colour
channels as de ned above.

We show an rendering example in Fig.2. Given a 3D mesh (Fig3.2, a), we render it
into an RGBA image, where the RGB image is shown in¥ig b and the silhouette(alpha
channel) is shown in FigB.2, c.

The silhouette is derived from our probabilistic distance function (E§) & Eq. (3.6)). The
hyper-parameter in Eq. (3.5) is used to control the smoothness of the distance probability,
where higher (Fig. 3.2, d) makes the silhouette blurry and lowefFig. 3.2, e) will make
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Figure 3.2:lllustration of Our Rendering Pipeline . (a) 3D mesh. (b) Rendered RGB image. (c) Rendered silhouette image asth
1.5e-4. (d) Rendered silhouette witlas 1.5e-3. (€) Rendered silhouette withs 1.5e-5. (f) Rendered silhouette from SoftR&<]

the silhouette sharp. With this term we balance the information back propagated to the faces,
and the sharpness of the predicted silhouette. In all of our experiments woskbe-4
(Fig. 3.2, ¢), as a middle ground between the two.

We also compare our silhouette with SoftRé&s]] (Fig. 3.2, f), where a sigmoid function is

used to de ne their probabilistic distance function. However, the sigmoid function outputs
0.5 if a pixel lies on the edge of a face, leading many dim lines near face edges, which
provides a poorer learning signal when comparing to ground truth silhouettes. Instead, our
solution generates much smooth silhouettes, resulting in better shape prediction.

In summary, foreground pixels, which are covered by a speci c face, back-propagate

gradients though interpolation while background pixels, which are not covered by any face,

softly back propagate gradients to all the faces based on distance. In this way, we can
analytically determine the gradients for all aspects of our rasterization process and have
achieved a fully differentiable rendering pipeline.

3.3.3 Rendering Models

In Equation(3.1), we de ne pixel valued; by the interpolation of abstract vertex attributes

Ug, U3 andu,. As our renderer expects a mesh input, vertex position is naturally one such
attribute, but we also simultaneously support a large array of other vertex attributes. In the
following section we outline the vertex attributes the rasterization can interpolate over and
then back-propagate through, and the rendering models which the support of these attributes
allows.
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Basic Models Our DIB-R supports basic rendering models where we draw the image directly
with either vertex colors or texture. To de ne the basic colours of the mesh we support
vertex attributes as either vertex colour or uv coordinates over a learned or prede ned texture
map. Pixel values are determined through bi-linear interpolation of the vertex colours, or
projected texture coordinates, respectively.

Lighting Models  We also support 3 different local illumination models: Phong, Lam-
bertian [L29 and Spherical Harmonicg (4, where the lighting effect is related to normal,
light and eye directions.

To unify all the different lighting models, we decompose image célonto a combination
of mesh coloifl . and lighting factord 4 andl s:

| = lgle+ s : (3.7)

| . denotes the interpolated vertex colour or texture map values extracted directly from the
vertex attributes without any lighting effedt, andl s donate the lighting factors decided

by speci c lighting model chosen, whetg will be merged with mesh colour and is
additional lighting effect that does not rely b We rst interpolate light-related attributes
such as normals, light or eye directions in rasterization, then apply different lighting models
in our fragment shader.

Phong and Lambertian Modelin the Phong Model, image colours decided by vertex
normals, light directions, eye directions and material properties through the following
equations:

lg = kq(! L N)

ls=ks('r 'v) ;
where kq, ks and are: diffuse re ection, specular re ection, and shininess constants.
n,! y and! g are directions of light, normal, eye and re ectance, respectively, which are
all interpolated vertex attributes. This results in the following de nition for image colour
under the Phong model:

(3.8)

lphong = lcka(! L M)+ ks(t r Tv) (3.9)

As a slight simpli cation of full Phong shading we do not adopt ambient light and set
light colour at a constant value &f The Lambertian model can be viewed as a further
simpli cation of the Phong Model, where we only consider diffuse re ection, and sas
zero:

[ Lambertian = lcKa(! L Nn) : (3.10)
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Figure 3.3:DIB-R Sanity Check. We perform a sanity check for DIB-R by running optimization over several mesh attributes. We
optimize w.r.t. different attributes in different rendering models: (a,b) vertex position and color in the vertex color rendering model, (c,d)
texture and texture coordinates in the texture rendering model, (e,f) vertex and camera position in Lambertian model, (g) lighting in the
Spherical Harmonic model, (h) material in the Phong model.

Vextex attribute Vextex Shader | Rasterization | Fragment attribute Fragment Shader
Vertices
Vertex Colors Camera Pixel Colors Color Model
Tex Coords Model Matrix Differentiable- Pixel Tex Coords Texture Model
Vertex Normals View Matrix Rasterizer Pixel Normals Lambertian Model
Light Directions | Projection Matrix Pixel Light Directions| Spherical harmonic Model
Eye Directions Pixel Eye Directions Phong Model

Table 3.1: Differentiable vertex attributes and rendering models supported by DIB-R. With our method, we can differentiate most common
attributes (Column 1 & 4, Vertex attributes and Fragment attributes) and apply it into multiple rendering models (Column 5, Rendering
Models).

Spherical Harmonic ModeHere,| 4 is determined by normals whilg is set to0:

X1X
lsn = I WY, " (N) ; (3.11)

=0 m= |

whereY, is an orthonormal basis for spherical functions analogous to a Fourier series where
| is the frequency andj" is the corresponding coef cient for the speci ¢ basis. To be
speci ¢, we setl as 3 and thus predict 9 coef cients in total. By adjusting diffensfit,
different lighting effects are simulated. For more details please refei’td,[Section 2.

Supported Mesh Attributes  Our method simultaneously support a large array of vertex at-
tributes. In Table3.1we highlight the various rendering settings and scene attributes which
our rendering pipeline supports.

3.3.4 Optimization

The design of our differentiable renderer allows for optimization over all de ned vertex
attributes and a variety of rendering models, which we perform a sanity check for iB.Eig.
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Figure 3.4:Full Architecture of Our Approach . Given an input image, we predict geometry, light, and texture. During training we
render the prediction with a known camera. We use 2D image loss between input image and rendered prediction to to train our prediction
networks. Note that the prediction can vary in different rendering models, e.g. texture can be vertex color or a texture map while the
lighting can be Lambertian, Phong or Spherical Harmonics.

Here, we optimize thie ; loss between the target images (second row) and predicted rendered
images. Among rasterization-based renderers we are the rst to support optimization of all
vertex attributes.

3.4 Single-view 3D Object Reconstruction

We demonstrate the effectiveness of our framework through challenging ML applications:
3D shape and texture recovery from a single view 2D image. We validate on different
rendering settings, which we detail below.

3.4.1 Basic Model: Predicting Geometry and Color

We rst apply our approach to the task of predicting a colored 3D mesh from a single image
using only 2D supervision. Taking as input a single RGBA image, with RGB valaesl
alpha valued (also called silhouette or visibility map), a Convolutional Neural Network
F, parameterized by learnable weighktspredicts per-vertex position in a meStwith a

speci ed topology (sphere in our case), together with per vertex color value

fS;Cg=F(I;M ;#) (3.12)

Network Structure ~ Speci cally, We adopt the encoder-decoder framework as #v[154)].

The encoder contains 3 convolutional layers and 3 linear layers, each convolutional layer
has 64/128/256 channels with kernel size 5 and stride length of 2. The output feature map
of the convolutional layers is atten to 163&%vector and fed to the rst linear layer. Each
linear layer has 1024 neurons. We add BatchNc##hfo all the convolutional layers and
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the rst and second linear layers. ReLW-/] activation function is used after each layer.

We have two decoders, one for vertex position, the other for vertex color. Each decoder
has three fully-connected layers, each layer has 1024/2048/1926 neurons, respectively. We
directly predict position and color for each vertex. The template sphere has 632 vertices and
1280 faces. We train every model until converge for around 2 days in V100 GPU.

Loss Function We then use a renderBr(speci ed by shader functions, in the basic model
we adopt vertex color shader.) to render the m&sIC] predicted by (I; M ;#) to a 2D
silhouetteM and the colored image

fM; 9= R(S;C) : (3.13)

When training this system we separate our losses with respect to the silhouette prediction,
N, and the color predictiori;. We use an Intersection-Over-Union (IOU) loss for the
silhouette prediction]27):

iM - Mijjy
jiM+M M Mijj,

Lou(#)=1 (3.14)

where denotes element-wise product. Note th&t Cg = F (I ;#),fIF Mg= R(v;S;C)
depend on the network's parametérand render on camera posevsia our DIB-R. We
further use am., loss for the colored image:

Lea(#) = jil Mj1 : (3.15)

We also regularize the mesh prediction with a smoothnesslass 54, Lsm, and a Lapla-
cian loss [ 54, , 2600, Liap, Which penalize the difference in normals for neighboring
faces and the change in relative positions of neighboring vertices, respectively.decthe
set of all edges, and be the angle between two neighbour faces, which share thesgdge
the smoothness loss is then:

X
Lsm = (cos(i)+1)% (3.16)
e 2E
which regularizes neighboring faces to have the similar normal directions, encouraging a
smoother predicted mesh. Our Laplacian loss design follééd.[ For each vertex, let
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N (v) be the neighbour vertices of then the Laplacian loss is de ned as:
1 X

Liap = ( v N Vi Wi (3.17)

v2N (V)

where \ is the predicted movement of vertex The Laplacian loss forces neighborhoods to
move consistently460. The nal loss function is then a weighted sum of these four losses:

Li=Liou* coalcot smbsmt IapLIap : (3.18)

Multi-view Consistency When rendering our predicted mesh, we not only use the ground
truth camera positions and compare against the original image, but also render from a random
second view and compare against the ground truth renderings from this newlviaw H4].

This multi-view loss ensures that the network does not only concentrate on the mesh
properties in the known perspective.

Mathematically, let us assume we have two imalgeandl, from two different poses
(cameras noted ag andv,) of the same car. We can then predict shape and vertex color for
each image, noted &;, C,; andS,, C,. The multiview consistency image loss is given by:

Lol =Kl1 R(v1; Si; Cr)ka+
kl, R(vy; S1;Crkyt
Kl1  R(vi; S Co)kat
kKl, R(vz; S;;Co)ky

(3.19)

We predict shape and vertex color in canonical views. The silhouette loss is applied in the
same way. Besides the loss in image space, there are no more consistency regulations, i.e.,
we did not add any loss term to for&, S, or C;,C, to be the same. Moreover, while more

views would provide more constraints, we nd that two views are enough. We thus use two
views in all our experiments.

3.4.2 Lighting Models: Predicting Geometry, Texture, and Light

We next apply our method to an extension of the previous task, where a texture imap
predicted instead of vertex colors, and lighting informatiors regressed to produce more
realistic predictions. Our neural netwoikis modi ed to predict vertex positionS, a

texture mapr, and various lighting informatioh, depending on the lighting model used.

Our full learning pipeline is shown in Fig.4. Note that, our loss is mainly de ned in the
image space. Therefore, we are able to predict any 3D properties in an unsupervised way, as
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long as it is supported by DIB-R. We apply the same losses as in the previous section.

Network Structure  We adopt a UNetj11] model for texture prediction, the network archi-
tecture is similar to16, except we add Batch Normalization to every convolutional layer
and we use skip connections. We also replace all ReLu layers in UN@ttp be Leaky

Relu [275. We exploit a shallow fully connected encoder for lighting parameters prediction.
The encoder contains 1 linear input layer and 2 1D-residual linear laygranid 1 linear
output layer. Output image feature for rst three linear layers contains 1024/1024/1024
channels. For Phong model, the nal linear layer outputs 4 lighting parameters where we
try to learn the light direction together with the material shininess constant. For Spherical
Harmonic model, the nal linear layer outputs 9 coef cients of Spherical Harmonic basis.

Photo-realism Enhancement To increase the photo-realism of our predictions, we also lever-
age an adversarial frameworkd 173. This is accomplished by training a discriminator
network,D(; ), to differentiate between real imagésand rendered mesh predictions,
while our prediction networks , simultaneously learns to make these predictions. We adopt

the W-GAN [15, 73] loss formulation:
h [
I—adv(#; ): EI hD(I; ) D(IN; )

) ) [ (3.20)
Lgo( )= E (iir (D(F5 Jiiz 1)
Similar to [LO], , 279, we additionally use a perceptual loss and discriminator feature
matching loss to make training more stable:
" #
Xvoq Lo e S
Lper(#; )= Ei vy Vi + - eliD'(s ) DU il
i=1 ! i=1 i
| | (3.21)

whereV' denotes the-th layer of a pre-trained VGG network witk,¥ elementsD'
denotes thé-th layer in the discriminatoD with NP elements. The numbers of layers
in networkV andD areM, andMp, respectively. As for the network structure of the
discriminator, we inherit basic discriminator architecture from DC-GAN. We use
Instance normalizatior?p(], and Leaky-ReLU [63. Our full objective function for this
task is then:

# :arg#rtnin argmax( agvl adv gobgp) ¥ perbper + L1 (3.22)

1We denoteE; , Ejp ()
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3.5 Experiments

Dataset Asin[122, 154, 26(], our dataset comprises 13 object categories from the ShapeNet
dataset$3]. We use the same split of objects into our training and test seitak [We
render each model from 24 different views to create our dataset of RGBA images used for
2D supervision. To demonstrate the multiple rendering models which DIB-R supports, we
render each image with 4 different rendering models: 1) basic model without lighting effects,
2) with Lambertian re ectance, 3) with Phong shading, and 4) with Spherical Harmonics.
We provide details are in each sections below.

3.5.1 Basic Model: Predicting Geometry and Color

Experimental Settings In our experiments, we sety = 1; snm = 0:001, and |5, = 0:0L

We train one network on all 13 categories. The network is optimized using the Adam
optimizer [L24], with = 0:000% ; = 0:9, and , = 0:999 The batch size is 64, and
the dimension of input image 84 64. We compare our method with the two most
related differentiable renderers, N3MR’[] and SoftRas[54], using the same network
con gurations, training data split and hyperparameters. For quantitative comparison, we rst
voxelize the predicted mesh in8 volume using a standard voxelization tdahvox 2
provided by ShapeNet3f] and then evaluate using 3D IOU, a standard metric in 3D
reconstruction.

We additionally measure the F-score following![] between the predicted mesh and
ground truth mesh. Speci cally, for F-score, we rst uniformly sample 2500 points from the
predicted mesh and ground truth mesh. For every predicted point, if the minimum distance
from it to any ground truth point is less than a threshold, we treat it as a true positive,
otherwise, it is false positive. This allows us to compute a precision spofer every
ground truth point, if the minimum distance from it to every predicted point is less then a
threshold, we treat this as a true positive, otherwise, it is a false negative, and so we can
compute a recall scome The F-score is then computed via: (p r)=(p+ r). We set the
threshold to 0.02 and normalize the shape to He M45; 0:45]in our experiments. The
tolerance for F-score is set to 0.02, where the 3D model is normalized with radius 0.45.

Dataset Details As mentioned before, we use 13 object categories from the ShapeNet
dataset[33], version 1. The training set contains 35007 objects, and test set contains 8752
different objects. For each object, we rst normalize the object such that the center of
the object is in the origin and all the vertexes lie in rafige:45; 0:45], we then render

2http://www.patrickmin.com/binvox/
Swww.shapenet.org
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Category | Airplane| Bench | Dresser| Car | Chair | Display| Lamp | Speake] Rie | Sofa | Table | Phone | Vessel | Mean
N3MR [127]| 58.5/80.645.7/55.374.1/46.371.3/53.341.4/39.155.5/43.836.7A6.4)67.4/35.055.783.6/60.2/39.239.1/46.976.2/74.259.466.9| 57.0/54.7
SoftR. [154] | 58.4/71.944.9/49.973.6/41.877.1/51.149.7/40.854.7/41.739.1/39.168.4/29.862.082.8 63.6/39.345.3/37.175.5/68.658.9/55.459.3/49.9

Ours 57.0/75.7/49.8/55.676.3/52.278.8/53.652.7/44.758.8/46.440.345.9|72.6/38.856.1/82.067.7/43.150.8/51.574.3/73.360.963.2/ 61.2/55.8

Table 3.2: Results on single image 3D object prediction reported with 3D IOU (%) / F-score (%).

Figure 3.5:Qualitative Results on Single-view 3D Object ReconstructionFirst and fth columns are the ground-truth image, the
second and sixth columns are the prediction from our model, the third and seventh columns are results from SaftfRaes fest two
columns are results from N3MR.27].

each object using Blendewith 24 different camera views. The camera views are equally
distributed in a 360 degree ring around each object. The lighting direction in this dataset is
set to uniform light. This results in 840k images for training and 210k images for testing.

Results Table 3.2 provides an evaluation. Our DIB-R signi cantly outperforms other
methods, in almost all categories on both metrics. We surpass SoftRas/N3MR with 1.92/4.23
points and 5.98/1.23 points in terms of 3D 10U and F-score, respectively. As the only
difference in this experiment is the renderer, the quantitative results demonstrate the superior
performance of our method. Qualitative examples are shown i8.BigOur DIB-R faithfully
reconstructs both the ne-detailed color and the geometry of the 3D shape, compared to
SoftRas and N3SMR. We provide more results in Fg. We further provide more results

from different view angles on Figuf& 7, demonstrating the high delity our model achieves.

3.5.2 Lighting Models: Predicting Geometry, Texture and Light

Our model supports various lighting models, ranging from Lambertian to Phong and Spheri-
cal Harmonic (SH). We rst validate the Lambertian model and qualitatively compare with
N3MR [127] by measuring the reconstruction error on rendered images under identical
settings.

Experimental settings As mentioned before, we adopt a UN&i.[] architecture to predict
texture maps. Since we deform a mesh from a sphere template, simiiardpWye use

2D spherical coordinates as the UV coordinates. The dimension of the input image and
predicted texture i256 256 We use a 6-layer ResNg¢i‘j] architecture to regress the XYZ
directions of light at each vertex from the features at the bottleneck layer of UNet network.

4https://www.blender.org/
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Figure 3.6:Qualitative Comparisons on Single-view 3D Object ReconstructionFirst column is the ground-truth image, the second
and third columns are the prediction from our model, the forth and fth columns are results from SofiRhgHe last two columns are
results from N3MR [ 27].
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Figure 3.7:Qualitative Results on Single-view 3D Object Reconstruction from Different ViewsThe rst column is the ground truth,
the rest columns are reconstructed object rendered in different views.
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Models Texture Lighting Text. + Light  Table 3.3: Results for texture and light prediction.  Tex-
ture/Texture+Light showd 1 loss on the rendered image for tex-

N3MR[127 0.03640 23.5585  0.02208 tureftexture+lighting. Lighting shows the angle between predicted
Ours 0.02179 9.7096 0.01362 lighting and GT lighting. Lower is better.

Figure 3.8:Qualitative Examples for 3D Shape, Texture, and Light Prediction Col. 1-3: 1) GT rendered image with texture+light,
2) texture only rendered image, 3) light map. Col 4-6: our predictions. Col: 7-9: N3MR [

We use the same learning rate and loss rate as basic model. In the following sections, we
only perform experiments on the car class, which has more diverse texture.

Dataset Details TO learn diverse texture maps, we select to learn with the car category due to
its large diversity of texture. In the experiments where we compare with N3MR, we choose
Lambertian re ectance model as our rendering model since N3MR only supports such one
lighting model. Instead of Blender, We choose to use OpérnGlender data since we
could easily turn on or turn off light effect in OpenGL shaders to separate the texture and
light. We render car models into images both with and without light effect in Lambertian
model and randomly sample the lighting direction over a quarter sphere where we constrain
the light illuminates the upper part of the objects.

Results We provide results in Tabl&.3 and Fig3.8 As ShapeNet does not provide
ground-truth UV texture, we compute the difference on the rendered image using the
predicted texture/texture+lighting and the GT image. Compared to N3MH,[we achieve

signi cantly better results both quantitatively and qualitatively. We obtain about 40% lower
L, difference on texture and 60% smaller angle difference on lighting direction than N3MR.
We also obtain signi cantly better visual results, in terms of the shape, texture and lighting.
We provide more results in Fi§.9.

3.5.3 Texture and Lighting Results with Adversarial Loss

We now evaluate the effect of adding the adverserial loss to the previous experiment. We
demonstrate DIB-R with Phong and Spherical Harmonic lighting models. For Phong model
we keep diffuse and specular re ectance constant as 1 and 0.4 respectively and predict
lighting direction together with shininess constanwhile for Spherical Harmonic model

we predict 9 coef cients.

Shttps://www.opengl.org/
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Figure 3.9: Qualitative Comparison of Texture and Light with N3MR [ 127. We show 9 examples. In each exampteyple
rectangle Input image First Row: Ground Truth.Second Row Prediction with DIB-RendefThird Row : Prediction of N3MR First
column: Texture and LightSecond column Texture. Third column: Light. We demonstrate signi cantly better shape, texture and
lighting predictions.

Experimental settings We rst train the model without adversarial loss for 50000 iterations
then ne-tune it with adversarial loss for extra 15000 steps. We ggt= 0:5; 4, = 0:5;
and per = 1. We x the learning rate for the discriminator te 5> and optimize using
Adam [1L24], with  =0:000% ;=0:5and , =0:999

Dataset Details  Similarly, for the experiment with adversarial Loss, since we adopting Phong
and Spherical Harmonic lighting models in our learning framework, we use OpenGL render
to render images with Phong and Spherical Harmonic lighting models respectively and train
the neural network with the corresponding dataset.
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Figure 3.10: Qualitative Comparison of Texture and Light for the Model Trained w. and w.o. Adversarial Loss. We show two
examples. In each examplurple rectangle Input image First Row: Ground Truth.Second Row Prediction with adversarial loss.
Third Row : Prediction without adversarial losEirst column: Texture and Light.Second column Texture. Third column: Light.

Forth to Ninth column: Renderings from different views.

Figure 3.11:Qualitative Examples for 3D Shape, Texture and Light Prediction for Spherical Harmonic Model We show three
examples. In each examplRuyrple rectangle Input image.First Row: Ground Truth.Second Row Our PredictionsFirst column:
Texture and LightSecond column Texture.Third column: Light. Forth to Ninth column : Texture from different views.
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Figure 3.12:Qualitative Examples for 3D Shape, Texture and Light Prediction for Phong Model We show four examples. In each
example Purple rectangle Inputimage First Row: Ground Truth.Second Row Our PredictionsFirst column: Texture and Light.
Second column Texture. Third column: Light. Forth to Ninth column : Texture from different views.

Adversarial Loss Effect We rst show qualitative comparison for model trained with and
without adversarial loss in Fig.10 We adopt SH lighting models and nd the conclusion
aslo applies to Phong model. Clearly, adversarial loss makes the prediction more faithful by
introducing more high frequency texture details.

Qualitative Results for SH Lighting Model We show more qualitative results of Spherical
Harmonic lighting model in Fig3.11 Notice that the network disentangles texture and light
quite well, and produces accurate 3D shape.

Qualitative Results for Phong Lighting Model  Lastly, we show in qualitative results of Phong
lighting model Fig.3.12 Our predictions recover the correct shape, realistic texture map
and reasonable lighting directions.
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Figure 3.13: Light & Texture Separation Study for Varying Views . We show three sets of cars. In each set, we show predictions
from different views.Purple rectangle Input image.First Row: Ground Truth.Second Row Our PredictionsFirst column: Texture

and Light.Second column Light. We show our model have consistent predictions when the input images are with same light and texture
but varying views.

3.5.4 Disentanglement Study

Varying views and Lighting Directions  To further study texture and light disentanglement, we
choose Phong lighting model and render test input images with the same car model but vary
the views (Fig.3.13 or lighting direction (Fig.3.14).

Fig. 3.13 xes the lighting and texture but render the car in different camera views, to
illustrate consistency of prediction across viewpoints. Our model predicts consistent results
under different views. Fig3.14renders images with different lighting directions. Similarly,
our model predicts faithful shapes and textures with correct lighting directions.

Shininess Prediction We nd our model predict constant shininesswhich didn't re ect the
value in GT images. As shown in Fig.12 Fig. 3.13 and Fig.3.14, almost all the predicted
specular lobes have similar shapes(which indicate cons)eaartd are not similar to the lobe
in GT.

Further examples are provided in F&j15to evaluate effects of specular. We render images
with different shininess constants, but xed lighting direction, texture and camera view.
Here, we nd that our model is not able to accurately predict the shininess constant. In
this case, the texture map erroneously compensates for the shininess effect. This might be
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Figure 3.14Light & Texture Separation Study for Varying Lighting Directions . We show three sets of cars. In each set, we show
predictions from different lighting direction®urple rectangle Input image.First Row: Ground Truth.Second Row Our Predictions.
First column: Texture and LightSecond column Light. Third column : Texture. We show our model have consistent predictions when
the input images have varying lighting directions.

because the shininess effect is not signi cant enough to be learned by a neural network
though 2D supervision. This is one limitation in DIB-R which we address in next chapter.

Figure 3.15:Shininess Separation Study We render the same car with two shininess values, as shown in left 3 columns and right 3
columns.Purple rect: Input image First Row: Ground Truth.Second Row Our PredictionsFirst column: Texture and LightSecond

column: Texture.Third column: Light. The network predicts incorrect shininess constants and compensates the shininess effects in
texture maps, especially in the second example.

3.6 Summary

In this chapter, we proposed a complete rasterization-based differentiable renderer for which
gradients can be computed analytically. Our framework, when wrapped around a neural
network, learns to predict shape, texture, and light from single images.

As a rasterization-based renderer, DIB-R also has limitations. The most challenge is that it
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cannot model advanced lighting effects like specular or surface re ectance. As a result, the
secondary lighting effects are entangled in the texture prediction, as shown B FigWe
address this issue in next chapter.



Chapter 4

A One-bounce Ray-tracing based
Renderer

We consider the challenging problem of predicting intrinsic object properties from a single
image by exploiting differentiable renderers. Many previous learning-based approaches
for inverse graphics adopt rasterization-based renderers and assume naive lighting and
material models, which often fail to account for non-Lambertian, specular re ections
commonly observed in the wild. In this work, we propose DIB-R++, a hybrid differentiable
renderer which supports these photorealistic effects by combining rasterization and ray-
tracing, taking the advantage of their respective strengths—speed and realism. Our renderer
incorporates environmental lighting and spatially-varying material models to ef ciently
approximate light transport, either through direct estimation or via spherical basis functions.
Compared to more advanced physics-based differentiable renderers leveraging path tracing,
DIB-R++ is highly performant due to its compact and expressive shading model, which
enables easy integration with learning frameworks for geometry, re ectance and lighting
prediction from a single image without requiring any ground-truth. We experimentally
demonstrate that our approach achieves superior material and lighting disentanglement
compared to existing rasterization-based approaches.

4.1 Introduction

Inferring intrinsic 3D properties from 2D images is a long-standing goal of computer
vision [18]. In recent years, differentiable rendering has shown great promise in estimating
shape, re ectance and illumination from 2D images. Differentiable renderers have become
natural candidates for learning-based inverse rendering applications, where image synthesis

51
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algorithms and neural networks can be jointly optimized to model physical aspects of
objects from posed images, either by leveraging strong data priors or by directly modeling
the interactions between light and surfaces.

Not all differentiable renderers are made equal. On the one hand, recent physics-based
differentiable rendering techniques4y, , 16, . ] try to model the full light
transport with proper visibility gradients, but they tend to require careful initialization of
scene parameters and typically exhibit high computational cost which limits their usage in
larger end-to-end learning pipelines. On the other hand, performance-oriented differentiable
renderersis, ! , 1.27] trade physical accuracy for scalability and speed by approx-
imating scene elements through neural representations or by employing simpler shading
models. While the latter line of work has proven to be successful in 3D scene reconstruction,
the frequent assumptions of Lambertian-only surfaces and low-frequency lighting prevent
these works from modeling more complex specular transport commonly observed in the
real world.

In this work, we consider the problem sihgle-view 3D object reconstructiamthout any

3D supervision. To this end, we propose DIB-R++, a hybrid differentiable renderer that
combines rasterization and ray-tracing through an ef cient deferred rendering framework.
Our framework builds on top of DIB-R3[] and integrates physics-based lighting and
material models to capture challenging non-Lambertian re ectance under unknown poses
and illumination. Our method is versatile and supports both single-bounce ray-tracing and
a spherical Gaussian representation for a compact approximation of direct illumination,
allowing us to adapt and tune the shading model based on the radiometric complexity of the
scene. We validate our technique and demonstrate superior performance on reconstructing
realistic materials BRDFs and lighting con gurations over prior rasterization-based methods.

4.2 Related Work

Differentiable Rendering Research on differentiable rendering can be divided into two cate-
gories: physics-based methods focusing on photorealistic image quality, and approximation
methods aiming at higher performance. The former differentiates the forward light transport
simulation [L44, , 16, ' ] with careful handling of geometric discontinuities.
While capable of supporting global illumination, these techniques tend to be relatively
slow to optimize or require a detailed initial description of the input in terms of geometry,
materials, lighting and camera, which prevents their deployment in the wild. The latter line
of works leverages simpler local shading models. Along this axis, rasterization-based differ-
entiable rendererssp, 128 ' , 58] approximate gradients by generating derivatives
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from projected pixels to 3D parameters. These methods are restricted to primary visibility
and ignore indirect lighting effects by construction, but their simplicity and ef ciency offer
an attractive trade-off for 3D reconstruction. We follow this line of work and build atop
DIB-R [38, 107 by augmenting its shading models with physics-based ones.

Learning-based Inverse Graphics Recent research on inverse graphics targets the ill-posed
problem of jointly estimating geometry, re ectance and illumination from image observa-
tions using neural networks. For single image inverse rendering, one dominant approach
is to employ 2D CNNs to learn data-driven features and use synthetic data as supervision
[180, ) ) , 264, but these methods do not always generalize to complex real-
world images 7 1]. To overcome the data issue, a recent body of work investigates the use
of self-supervised learning to recover scene intrinsic}, including domain adaptation

from synthetic re ectance datasetif], object symmetry169, 264, or multi-illumination
images depicting the same scen&j, 146 162, 287. However, these methods either rely

on speci ¢ priors or require data sources tedious to capture in practice. Some works tackle
the subtask of lighting estimation onlg(, 59, 97], but still need to carefully utilize training

data that are hard to capture. Most similar to us, DIB2H fackles unsupervised inverse
rendering in the context of differentiable rendering. Zhangl. [291] further combines
DIB-R with StyleGAN [119] generated images to extract and disentangle 3D knowledge.
These works perform inverse rendering from real image collections without supervision,
but may fail to capture complex material and lighting effects—in contrast, our method
models these directly. Several techniques also try to handle more photorealistic effects but
typically require complex capturing settings, such as controllable lighiifig, [L35, a
co-located camera- ashlight setun {9, 50, 148 22, 23, 27, 216, 16(], and densely captured
multi-view images $1, 271, 26, 284 with additional known lighting §3] or hand-crafted
inductive labels 184]. In our work, we propose a hybrid differentiable renderer and learn

to disentangle complex specular effects given a single image. Similar to the recent NeRD
[2€6] and PhySG 188 which recover non-Lambertian re ectance and illumination with

a spherical Gaussian (SG) basis ], we also employ SGs to model the SV-BRDF and
incident lighting, but apply this representation to mesh-based differentiable rendering with
direct access to the surface.

4.3 Differentiable Deferred Rendering

In this section, we introduce DIB-R++, our differentiable rendering framework based
on deferred shading!f]. DIB-R++ is a hybrid differentiable renderer that can ef ciently
approximate direct illumination and synthesize high-quality images. Concretely, our renderer
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Figure 4.1:0verview. Given a 3D objecM , we employ (a) a rasterization-based renderer to obtain diffuse albedo, surface normals and
mask maps. In the shading pass (b), we then use these buffers to compute the incident radiance by sampling or by representing lighting
and the specular BRDF using a spherical Gaussian basis. Depending on the representation used in (c), we can recover a wide gamut of
specular/glossy appearances (d).

leverages the differentiable rasterization framework of DIB2H fo recover shape attributes
and further employs physics-based material and lighting models to estimate appearance.

4.3.1 Overview

We provide an overview of our technique in Figl We rst rasterize a 3D mesh to obtain
diffuse albedo and material maps, surface normals, and a silhouette mask. This information
is deferred to the shading pass, where outgoing radiance is either estimated stochastically or
approximated using a spherical Gaussian basis. The rasterizer and shader are differentiable
by design, allowing gradients to be propagated to lighting, material and shape parameters
for downstream learning tasks.

4.3.2 Background

Our goal is to provide a differentiable formulation of the rendering process to enable fast
inverse rendering from 2D images. Lt be a 3D object in a virtual scene.we start from
the (non-emissive) rendering equation (RE)], which states that the outgoing radiance
L, at any 3D surface point 2 M in the camera directioh is given by
Z

Lo(X;! o) = 2 feOGE LG )in tijdl (4.1)
wherel; is the incident radiancd, is the (spatially-varying) bidirectional re ectance
distribution function (SV-BRDF) and is the surface normal at The domain of integration
is the unit hemispherd? of incoming light directiond ;. The BRDF characterizes the
surface's response to illumination from different directions and is modulated by the cosine
foreshortening ternmn ! j. Intuitively, Eq.(4.1) captures an energy balance and computes
how much light is received and scattered at a shading point in a particular direction.

Estimating the RE typically requires Monte Carlo (MC) integratioa], which involves
tracing rays from the camera into the scene. Albeit physically correct, this process is
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computationally expensive and does not generally admit a closed-form solution. MC
estimators can exhibit high variance and may produce noisy pixel gradients at low sample
count, which may signi cantly impact performance and convergence. To keep the problem
tractable, we thus make several approximations of(Eq), which we detail in the next
section.

4.3.3 Two-stage Deferred Rendering

We now describe our rendering framework (Figl). We start by de ning three families of
parameters, where 2 RY encodes the shape attributes (e.g., vertex positionz)R¢
describes the material properties, an8 RY captures the illumination in the scehdn
what follows, we shall only consider a single pixel, indexedobwithin an RGB image
| 2 R M ¥ for notational simplicity.

Stage 1: Rasterization Pass. We rst employ a differentiable rasteriz&t [3€] to generate
primary rays , 2 S? from a camera viewpoint and render our scerd into geometry
buffers (commonly calle-bufferg containing the surface intersection poigt2 R?3, the

surface normah, 2 S2, and the spatially-varying material parametesge.g., diffuse
albedo). This rendering pass also returns a visibility mgskf 0; 1g indicating whether
pixel p is occupied by the rendered object, separating the foreground obj&cim its

background environmenmt so thatl = I+ + 1,. We have:

R(P;! osVi 5 ) =(XpsNps piVp) - (4.2)

Stage 2: Shading Pass. Given surface properties and outgoing directiq) we then approxi-

mate the outgoing radiantg (Xp;! o) through several key assumptions. First, we restrict
ourselves to direct illumination only (i.e. single-bounce scattering) and assume that the
incoming radiance is given by a distant environment mapS?! R?2. Therefore, we do

not model self-occlusion and (x,;! i)  Li(!i; ). Such simpli cation largely reduces
computation and memory costs and is trivially differentiable. Second, we assume that the
material parameters can model both diffuse and specular view-dependent effects. At a
high level, we de ne our shading mod8lso that:

SXp;Npi! o7 p ) Lo(Xpi! o): (4.3)

lin Chapter3, we denoteM asM = (S;T), whereS is shape]T is texture map. Here we slightly abuse notathn such
thatM =( ; ), where represents SVBRDF for explicit, which contains both surface diffuse albedo map(texture) and re ectance
parameters.
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Importantly, a differentiable parameterization®&nables the computation of pixel gradients
with respect to all scene parameters= ( ; ; ) by differentiatingl,( ) = (S

R)(p;! o;Vv; ; ; ). Given a scalar objective function de ned on the rendered output

@ l=@is computed using DIB-Rid]. In what follows, we thus mainly focus on formulating
@I=@ ; gso that all gradients can be computed using the chain rule, allowing for joint
optimization of geometry, material and lighting parameters. We assume henceforth a xed
pixel p for conciseness, and remove the subscript.

4.3.4 Shading Models

Since our primary goal is to capture a wide range of appearances, we provide two simple
techniques to approximate E@..1): Monte Carlo (MC) and spherical Gaussians (SG). The
former targets more mirror-like objects and can better approximate higher frequencies in
the integrand, but is more expensive to compute. The latter is more robust to roughness
variations but is limited by the number of basis elements. To model re ectance, we choose to
use a simpli ed version of the isotropic Disney BRD¥J| 57] based on the Cook—Torrance
model [14], which includes diffuse albeda 2 [0; 1], specular albeds 2 [0; 1], surface
roughness 2 [0; 1] and metalness 2 [0; 1]. Metalness allows us to model both metals
and plastics in a uni ed framework. We let the diffuse albedo vary spatially @(x)) and
globally de ne all other attributes to restrict the number of learnable parameters.

Monte Carlo Shading Given a 3D surface point 2 M to shade, we importance sample
the BRDF to obtairN light directions! ¥ and compute the BRDF value. We represent the
incidentlightingLi(MC) as a high-dynamic range image2 R® ™ "' using an equirectan-
gular projection, which can be queried for any direction via interpolation between nearby
pixels. The nal pixel color is then computed as the average over all samples, divided by the
probability of sampling :

LXK g LMk yin TE

SMI (il 5 )= =
Gimte SR o F)

(4.4)

Note that this shading function is differentiable. Namely, for each sampled ray, we can
compute the gradients from the pixel co®M® to the rendering parameters ; . The

full gradients can be computed by averaging all the sampled rays. When the surface is
near-specular (e.g., a mirror), one can ef ciently estimate the RE as re ected rays are
concentrated in bundles (e.g., to satisfy the law of re ection). However, this estimator
can suffer from high variance for rougher surfaces; a higher number of samples may be
necessary to produce usable gradients. While this can be partially improved with multiple
importance sampling’pd, emitter sampling would add a signi cant overhead due to the
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Figure 4.2:Sample Count vs. Roughness in Monte Carlo ShadingHigh roughness surfaces require more samples to render into
noise-free images.

environment map being updated at every optimization step. This motivates the use of a more
compact representation.

Spherical Gaussian Shading To further accelerate rendering while preserving expressivity in
our shading model, we use a spherical Gaussian (S&] fepresentation. Projecting both

the cosine-weighted BRDF and incident radiance into an SG basis allows for fast, analytic
integration within our differentiable shader, at the cost of some high frequency features in
the integrand. Concretely, an SG kernel has the f6(in; ;; )= e (' Y where

I 2 S2is the input spherical direction to evaluate? S? is the axis, 2 R, is the
sharpness, and 2 R? is the amplitude of the lobe. We represent our environment map
using a mixture oK lighting SGsG, so that:

X
L&D ) Gl (4.5)
k=1
where = f K K, Kgk. For the BRDF, we follow Wangt al. [259 and t a single,

monochromatic SG to the specular lobe so fH3?) is a sum of diffuse and specular lobes.
The full derivation can be found in Appendi 1. Finally, we approximate the cosine
foreshortening term using asingle $& ! ij G (! i;n;2:133 1:17)[166. Regrouping
all terms, the nal pixel color can be computed as:
Z
SCOm e 5 )= F8O0GER o JLEO M )G Nd i (4.6)
S2

which has an analytic form that can be automatically differentiated inside our renderer. All
parameters of the SGs, as well as the BRDF parameters, are learnable.

4.3.5 DIB-R++ Rendering Effects

In this section, we analyze the rendering effects under different hyperparameters, including
sampling count for MC shading and number of SG light components in SG shading. We
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K=1 GT K =2 GT
K =4 GT K =8 GT
K =16 GT K =32 GT
K =64 GT K =128 GT

Figure 4.3:Number of SG Light Component More components (largés ) result in better environment map approximation.

Env.map (dense)|  _5.05 -0 =015 =020 =025 =0:30 =035 =040 =0:45

MC + Env.

K =128 SGs

SG

Figure 4.4:Visual Comparisons Between MC and SG ShadingOn the left, we show an environment map and its SG-representation
(K =128). While losing sharp details, SGs only neddsé parameters compared to the dense pixel HDR map. On the right, we increase
roughness left-to-right, revealing that our spherical basis can correctly approximate direct illumination at moderate-to-high roughness.

also compare the rendering effect of MC shading and SG shading and evaluate the rendering

speed of the two methods.

Sampling Count As shown in Fig4.2, we render a unit sphere with different roughness and

sample count. When is close to 0, a small sample count (eNy.= 4 samples) can render

realistic images. However, asincreases, more samples are needed to reduce noise. When
is 0.2, we needN = 256 samples. When is 0.4, everN = 1024 samples may still

generate noisy results.

Number of SG Light Component  As shown in Fig4.3, we approximate the same environment

map with different numbers of SG components in the mixture. Clearly, the more components

we use, the more details we can represent. When we use 128 3&s/(= 896 parameters),

we can approximate most details of the environment map with tilparameters of the

whole image256 128 3 =98 304parameters).

Rendering Effects Comparison To visually compare our two shading techniques and un-

derstand their limitations, we render a unit sphere under the same lighting (represented

differently) in Fig.4.4. To do so, we rst ta HDR environment map witk = 128 SGs
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using an equirectangular projection. As shown on the left, SGs smooth out high frequency
details and sharp corners but require much fewer parameters to reconstruct incident lighting
(896 vs. 98 304). On the right, we visualize the effect of increasing the surface roughness
under the corresponding light representation.

Intuitively, this point of diminishing return indicates that MC is only so useful when the
surface re ects most of the incoming light (e.g., a mirror). Indeed, whé&ismall enough

( ' 0)andwe deal with a highly non-Lambertian surface, a small number of MC samples
are enough to estimate direct illumination, which in turn implies faster render speed and low
memory cost. On the other end of the spectfunt 1), signi cantly more samples (e.g.,

N > 1000 are needed to accurately integrate incident light, resulting in longer inference
times. In such a case, SGs should be favored since they offer a signi cant improvement. In
the absence of any prior knowledge on the material type, SG shading is preferred. This is
re ected in our experiments in Seé.5.

Rendering Speed We further evaluate the
rendering performance of different shading
methods. The results are shown in Tal.
We implement both two shading methods ie
PyTorch [L9]. Here, we only consider the
SG |1 2 4 8 16 32 64 128
time cost for shading, without counting theTlme ms)| 26 28 26 26 29 20 25 2.7
cost of rasterization. For MC shading, t|m$:
ble 4.1: Rendering time comparison. We render a sphere into
increases as samp|e count increases. For2g&- 256images and compare the rendering time under different
settings. In MC shading, more sample count costs higher rendering
ample when the sample count changes fromme, while in SG shading, a different numbers of SG component
barely impacts timings.
256 to 1024, the rendering time becomes al-
most10 slower. Conversely, SG shading cost is nearly constant. One possible explanation
for this is that the number of parameters of SG light is small (no more than 1000 parameters
even for 128 SGs), and thus leads to almost constant time cost when computed in parallel
with PyTorch. However, as more SGs can signi cantly impact memory cost, we choose

K = 32 in the learning tasks.

Shading ‘ Sample Count)

MC 1 4 16 64 256 1024
Time (ms)| 40 3.7 50 9.1 283 2925

Shading ‘ Number of SG Componenk()

Comparison with Mitsuba 2 We further compare the ‘ DIB-R++ Mitsuba 2
rendering performance with MitsubaZ g in Memory (MB)| 1475 3087

Thbl. 4.2. Since both our method and Mitusba 2 sup- e s) 5.4 0.8

port ray tracing we evaluate the running times alﬂagle 4.2: Comparison with Mitsuba2. We evaluate the
memory for the same ray tracing optimization tagK e o tastr and roqires ess
We restrict the ray samples to be the same (4 sanmory compared to Mitusba2.

ples) and run 300 iterations to optimize an environment map while xing everything else.

Our method performs faster (5.4sec v.s. 9.8sec) and requires less memory(1475MB v.s.
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Optimization of MC Shading Optimization of SG Shading
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Figure 4.5:Independent Optimization. We optimize complex lighting and material for both MC shading (left) and SG shading (right).

In each case, we rst optimize lighting and show the light and rendered image in the rst block. Next we optimize the surface material

and show the surface material value and rendered image in the second block.

3287MB), which demonstrates DIB-R++ is highly performant. In contrast, Mitusba 2 is a

more powerful and general differentiable rendering library. However, it is also very heavy,

therefore the speed and memory cost is limited.
4.3.6 Optimization of Lighting and Material

The design of our differentiable renderer allows for optimization over geometry, lighting
and material parameters. In this section we focus on lighting and material optimization and
disentanglement. To validate our technique, we render a unit sphere into 24 views, xing
the shape and optimizing light and surface material from 24 multi-view 2D images. We rst
showcase independent optimization, where we optimize only one variable and keep the rest
the same as GT. We further study joint optimization with more than one variables, which is
a more challenging ill-posed problem.

Separate Optimization We perform a sanity check on our renderer in Bigh by optimizing

for lighting and re ectance properties from a multi-view imageloss with xed geometry.

We show the ground-truth (GT) parameters and rendered images in the rst row, along with

initial parameters (Init.) in the second row. Here, we optimize parameters separately using
gradient-descent while the others are kept xed to validate each component of our shading
model. DIB-R++ can successfully estimate material and lighting parameters, including the

environmental lighting, surface roughness and specular albedo of the object. We nd that
the converged material parameters closely match GT, while the optimized environment map
loses some details due to gradients coming entirely from surface re ections (foreground
supervision only). In particular, surface highlights are well captured by our technique.

Disentanglement Analysis Light and material are entangled during the complex image forma-
tion process. Thus, jointly recover all of them is ill-posed as there might be several solutions
for the same input image. As shown in Fg6, we can get the same rendering with sharp
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Figure 4.6:Disentanglement Analysis We render a sphere with 1) large roughness and sharp light (top row) and 2) small roughness and
smooth light (bottom row), but their renderings are almost the same. It shows the ambiguity between light and surface material.

lighting and large roughness, or smooth lighting and small roughness. Such ambiguities
occur regardless of MC and SG shading.

Joint Optimization ~ \We explore the extent to which our DIB-R++ can separate lighting and
material (including diffuse albedo and surface material such as roughness and specular
albedo) from only the rendered images. We jointly optimize light and surface material from
24 multi-view 2D images. We show Monte Carlo-based shading optimization irtFig.

and Spherical Gaussian-based shading optimization irdFig.

MC Shading Several interesting properties can be found in Eig. First, DIB-R++ suc-
cessfully optimizes the light and surface material such that the rendered images (Col. 4 & 7)
are close to the GT images (Col. 1) after convergence. Moreover, the converged parameters
are also reasonable, e.g. the optimized light recovers most high frequency details, especially
in small roughness cases. Second, the converged parameters are not exactly the same as GT
settings. For instance, compared to GT, the environment map is always brighter while the
diffuse albedo is always darker. As shown in Fgs, the joint inverse problem is ill-posed

so there exists no unique solutions. Third, when the surface is primarily Lambertian, the
rendered images can lose high frequency information. As a result, the recovered light map
is also blurry. The converged roughness tends to be smaller than GT to compensate for this
bluriness.

SG shading On the other hand, Spherical Gaussian shading has similar properties. We show
optimization results in Figd.8 and all the observations in MC shading can be applied to
SG shading. More precisely, the optimized light always looks blurry while the optimized
surface roughness is smaller compared to GT. This is also re ected in the learning task,
which we detail in Sec!.6.
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GT Env. Map GT Tex. GT Rendering in Different Views € 0:05)

Init. Env. Map Init. Tex. Init. Rendering in Different Views (= 0:20)

GT Optimization Case 1 Optimization Case 2
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:05 i =0:20; opt =0:051 i =0:40; o =0:051
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:10 i =0:05; opt =0:091 i =0:30; opt =0:095
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:20 i =0:05; opt =0:178 ni =0:40; ox =0:184
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:30 i =0:10; opt =0:265 i =0:40; op =0:269
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:40 i =0:05; opt =0:346 i =0:20; opt =0:352

Figure 4.7: Monte Carlo Shading Optimization Results. We x the shape and optimize the environment map, diffuse albedo and
surface roughness jointly from a foreground image loss only. To validate the convergence of different surface materials, we use the
same environment map and albedo initialization but employ different roughness initialization and optimize for different GT roughness
settings.Top: In the rst two rows, we show the GT and initialized environment map, texture and rendering in 6 Bettem: In each

row we optimize for one speci ¢ roughness, and in each column block we start with different roughness initialiQatioments: We
successfully optimize all the parameters such that the rendered images (Col. 4 & 7) are very close to the GT rendering (Col. 1). However,
due to the ill-posedness of the problem, the converged environment map, diffuse albedo roughness are not exactly the same as GT.
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GT Env. Map GT Tex. GT Rendering in Different Views € 0:05; s = 0:50)

Init. Env. Map Init. Tex. Init. Rendering in Different Views (= 0:20;s = 0:20)

GT Optimization Case 1 Optimization Case 2
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:05 i =0:20; opt =0:049 i =0:40; opx =0:049

Sqt =0:50 Sini = 0:20;80pt = 0:567 Sini = 0:20;s0pt = 0:562
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:10 ini =0:05; opt =0:055 ini =0:30; opt =0:055

Sqt =0:50 Sini = 0:20;s0pt =0:603 Sini = 0:20;s0pt =0:608
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:20 i =0:05; opt =0:181 ini =0:40; ox =0:184

Sqt =0:50 Sini = 0:20;s0pt =0:613 Sini = 0:20;80pt =0:615
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:30 i =0:10; op =0:293 i =0:40; o =0:294

Sgt =0:50 Sini = 0:20;s0pt =0:625 Sini = 0:20;s0pt =0:625
Rendering Opt. Env. Opt. Tex. Rendering Opt. Env. Opt. Tex. Rendering
gt =0:40 i =0:05; opt =0:389 i =0:20; opt =0:389

Sgt =0:50 Sini =0:20;S0pt = 0:629 Sini =0:20;Sopt = 0:625

Figure 4.8: Spherical Gaussian Shading Optimization ResultsWe x the shape and optimize the environment map and surface
material properties (roughness and specular albedo) jointly from a foreground image loss only. To validate the convergence of different
surface material, we use the same environment map and texture initialization but different material initialization and optimize for different
GT material settingsTop: In the rst two rows we show GT and initialized environment map, diffuse albedo and rendering in 6 views.
Bottom: In each row, we optimize for a speci c GT material setting while in each column block we start from different surface material
initialization. Comments: We successfully optimize all the parameters such that the rendered images (Col. 4 & 7) are very close to the
GT rendering (Col. 1). However, due to the problem is ill-posed. the converged environment map, diffuse albedo and roughness are not
exactly the same as GT.
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Figure 4.9:Training Pipeline. Given an image, we employ a neural network to predict all 3D attributes. We then adopt DIB-R++ to
render them back to the images and supervise via the loss between the rendered image and input image. This model can be trained without
any 3D supervision.

4.4 Single-view 3D Object Reconstruction

We demonstrate the effectiveness of our hybrid framework through the learning-based
problem of single image 3D reconstruction without supervision. We show a pipeline gure
in Fig. 4.9, where we embed DIB-R++ into a learning framework and adopt neural networks
to predict 3D properties without 3D training data.

Speci cally, given an image, we rst employ a neural network to predict all 3D attributes,
including the geometry (sphere deformation, parameterized)blight (environment map,
parameterized by), and BRDF (a spatial varying diffuse albedo map and a global surface

re ectance material, parameterized by. We can then adopt DIB-R++ to render them
back to images and supervise via a loss between the rendered image and input image. This
model can be trained without any 3D supervision, assuming good priors on geometry, light
and materials. While previous works ] generally focus on diffuse illumination

only, DIB-R++ further generalizes to images containing strong specular lighting effects,
disentangling lighting from material and resulting in much cleaner texture and accurate

lighting prediction.

We adopt the U-Net{11] architecture of the original DIB-R3Z] and modify its output to
also predict the appropriate BRDF attributeand light parameters (pixel colors or SG
coefcients) sothatE (1 ;#)=( ; ; ). We thenrender these parameters back to an image
"using our differentiable renderer and apply a lbssn the RGB output to compare the
inputimagel and the rendered imagde where:

L#)= colca(1)+ 1oubiou (MM )+ japbiap( )+ pelkper(F1) (4.7)

Similar to DIB-R [38], we combine multiple consistency losses with regularization terms:
L .ol is@animage loss computing the distance between the rendered image and the input im-
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age(Eq(3.19), Loy is an Intersection-over-Union (loU) loss of the rendered silhowdtte

and the input mask of the object(Eq(3.14), L per is a perceptual loss D1, 290] comput-

ing theL ; distance between the pre-trained AlexNEgt ]| feature maps of rendered image

and input image, anll,,, is a Laplacian lossi[>4, 127] to penalize the change in relative

positions of neighboring vertices. Compared the the loss equation§(E&,Eq.(3.22) in

DIB-R, we nd adversarial loss and smooth loss is not necessary and remove them. We set
col =20, 10u=5, per=0:5 15 =5,which we empirically found worked best.

Multi-view Consistency ~ Since we have multi-view images for the same car, similariol,

], we apply a multi-view consistency loss during training, which is the key to force the
lighting to be separated from the texture. Speci cally, we predict geometry/light/material
in one view and supervise it in another view. When the input image has strong directional
lighting effects, the optimization understands it should come from lighting instead of the
texture, otherwise it would be wrong in the second view.

Mathematically, let us assume we have two imalgeandl, from two different poses
(cameras noted ag andv,) of the same car. We can then predict shape, surface material
and lighting for each image, noted ag, ;, ;and ,, », ». The multiview consistency
loss is given by:

Lol =kli S R(vy 17 1 kit
kl S R(vy, 1; 17 2)ki+
2 ( 2 1 1 2) 1 (48)
Kl1 S R(vV1, 2, 2 kit
Kl S R(va, 27 2; 2)ki :

We predict shape and material in canonical views while predicting light in image space.
Besides the image loss, there are no more consistency regulations, i.e., we did not add any
loss term to force 1, , or 1, - to be the same. Moreover, while more views would
provide more constraints, we nd that two views are enough. We thus use two views in all
our experiments.

Training Time  DIB-R++ contains a second shading stage. As a result, it is slower thgn [
and [291] which only adopt rasterization. We nd all the methods converge in 200 000
iterations, where 8, 291] cost 57 hours while DIB-R++ cost 77 hours. While longer, it is
still affordable.
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Figure 4.10:Metallic Surface Dataset Overview We render various cars under both indoor and outdoor environment maps. We set the
m as 1 and as 0 and the rendered images are highly re ective. The re ected environment maps can be observed in the car body, which
provide strong signals in lighting estimation.
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Figure 4.11: Glossy Surface Dataset OverviewWe render various cars under both indoor and outdoor environment maps. We set the
m =0 andvary 2 [0;0:5] so that the rendered images contain view-dependent highlights.
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4.5 Experiments

We conduct extensive experiments to evaluate the performance of DIB-R++. We quantita-
tively evaluate on synthetic data where we have access to ground-truth geometry, material
and lighting. Since MC ad SG shading have individual pros and cons, we validate them
under different settings. In particular, we generate separate datasets with two different
surface materials: purelyetallic surfaces with no roughness, agldssysurfaces with
random positive roughness. We compare the performance of both shading models against
the baseline method, which is DIB-R].

4.5.1 Synthetic Datasets

We chose 485 different car models framrboSquid to prepare data for metallic and glossy
surfaces. We also collected 438 freely available high-dynamic range (HDR) environment
maps fromHDRI Havenr to use as reference lighting, which contain a wide variety of
illumination con gurations for both indoor and outdoor scenes. For both two datasets we
split the training set and testing set to around 4:1(400 cars for training, 85 cars for testing
and 358 envmaps for training, 80 envmaps for testing).

To render all 3D models, we use Blender's Cy¢lgath tracer with the Principled BRDF
model 9. We created two datasets on car models: Metallic-Surfaces and Glossy-Surfaces,
as shown in Fig4.10and Fig.4.11, respectively. For metallic surfaces, we set 0 and

m = 1. Conversely, we sah = 0, s = 1 and randomly pick 2 [0;0:4] to generate
images for glossy surfaces. For each dataset, the car is rendered in 24 xed views, where we
uniformly rotate the camera around. All the 3D models are normalized fo b& 18] with
camera distance and elevation to@fand27 . We randomly combine 3D models and light

and render each car with 3 different environment maps.

4. 5.2 Evaluation Metrics

Since GT lighting is represented by an environment map while the predicted lighting
may be in the form of spherical harmonic%d], spherical Gaussians or HDR texture
envmaps with varying resolutions, we cannot directly compyter L , losses. Therefore,

we evaluate them with normalized cross correlation (NCC). In particular, we convert the
predicted lighting pro le to an RGB image using an equirectangular projection and

2https://turbosquid.com . We obtain consent via agreement with TurboSquid, following their license at
https://blog.turbosquid.com/turbosquid-3d-model-license .
Shttps://hdrihaven.com . We follow the CCO license dtttps://hdrihaven.com/p/license.php

4https://blender.org
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Shading Metallic surfaces#) Glossy surfaces

Image 2DIoU Light Tex.|Image 2DIloU Light Tex.
0.019 0.062 0.074 0.152&0.024 0.061 0.106 0.142

MC
SG
SH [39]

0.019 0.069 0.095 0.2180.024 0.057 0.091 0.140
0.019 0.056 0.220 0.2060.024 0.062 0.131 0.152

Table 4.3: Quantitative results of single image 3D Reconstruction on synthetic data. While all the methods achieve comparable
performance on re-rendered images and 2D loUs, both MC and SG achieve better results on lighting and texture. MC is particularly better
for metallic surfaces, and SG works best for glossy surfaces.

calculate the loss as: P
NCC( ;~)

k ko kk, (4.9)
Lnce =1 NCC( ;~) ;

Similarly, for material predictions, differentv-parameterizations between GT and our
predictions prevents direct comparison. Moreover, the predicted texture might be of different
intensity scales compared to the GT. Thus, we rst render the GT 3D models and predicted
3D models into images without lighting, and then apply NCC loss to the rendered albedo
images as well.

In summary, the image loss is computed via thé loss between the GT images and
predicted images. 2D loU loss is computed via the GT mask and predicted silhouéties |
We applyL ncc to the GT lighting and predicted lighting as the light loss and applyc

to the GT albedo and predicted albedo as the texture loss.

Baseline We compare our method with the rasterization-based baseline Dig]R/hich
supports spherical harmonics (SH) lighting. While the original lighting implementation in
DIB-R is monochromatic, we extend it to RGB for a fairer comparison. For quantitative
evaluation, we report the comman pixel loss between the re-rendered image using our
predictions and ground-truth (GT) imagef = kI© 1k;), and 2D loU loss between
rendered silhouettes and ground-truth masks( = 1 ———3——). Moreover, we
further evaluate the quality of diffuse albedo and lighting predictions using normalized cross

correlation (NCC).

45.3 Metallic Surfaces

Experimental Settings We rst apply all methods to the metallic car dataset. Since this
surface property is known a priori, we relax the task for MC shading by settm@ and

only predict geometry, diffuse albedo and lighting from the input image. This allows us to
render MC at a low sample coul (= 4), achieving higher rendering speed and a lower
memory cost. In particular, we predict the relative offset foljM|l = 642 vertices in a
mesh and 256 256texture map, following the choices in DIB-R{]. We also predict a

256 256RGB environment map. For SG shading, we predict all parameters. While shape
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Figure 4.12:Prediction on the Metallic Car Dataset( = 0) . While the re-rendered images look similar, the underlying components
(material and lighting) are different. A SH basis (DIB-&]) cannot recover the high frequency details of the sky light maps. In this case,

MC performs best due to low variance in the estimator for mirror-like BRDFs. SGs can recover the overall form and contrast of the light
map, but tend to predict incorrect texture maps incorporating the ground dominant color (e.g., brown). Note that GT texture maps are not
available as they cannot be compared due to diffaserparameterizations / texture atlases.

and texture are the same as MC shading, we adopt32 for SG and predict two global
parameters ands for the specular BRDF. This keeps the number of parameters relatively
low while providing enough exibility to capture different radiometric con gurations.

Experimental Results  Quantitative and qualitative results are shown in Big2and Tablet.3

(Left), respectively. Since the main loss function comes from the difference between GT and
re-rendered images, we nd the re-rendered images (with light) from the predictions are all
close to the GT image for different methods, and quantitatively, the image loss and 2D loU
loss are also similar across different models. However, we observe signi cant differences
on the predicted albedo and lighting. Speci cally, in FHigl2, MC shading successfully
predicts cleaner diffuse albedo maps and more accurate lighting, while DB} Ropkes

in” high specular effects into the texture. Quantitatively, DIB-R++ outperform DIB-R with

a 3 improvement in terms of NCC loss for lighting, demonstrating the effectiveness of
our DIB-R++. We further compare MC shading with SG shading. While SG shading
achieves reasonable lighting predictions, it fails to reconstruct the high frequency details
in the lighting and has circular spot effects caused by the isotropic SGs. Finally, we note
that due to the ambiguity of the learning task, the overall intensities of all predicted texture
maps can largely vary. Still, we observe that MC can better recover ne details, such as the
wheels' rims. More results and are shown in FidL3
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Figure 4.13:Prediction on the Metallic Car Dataset ( = 0). Top and Middle: We show more comparison results for 3 different
shading methods. While all re-rendered images look almost identical, the underlying radiometric components (material and lighting)
are different. A SH basis(DIB-R3[]) cannot recover the high frequency details of the sky light maps. In this case, MC performs best
due to low variance in the estimator for mirror-like BRDFs. SGs can recover the overall form and contrast of the light map, but tend to
predict incorrect texture maps incorporating the ground dominant dtdtom: We show a failure case in the bottom row. MC shading

fails when the environment map contains a lot of high frequency details. It reconstructs low frequency content but also merges the high

frequency leaves into the texture.
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Figure 4.14:Prediction on the Glossy Car Datase{ > 0). When the objects are glossy but not perfectly specular, SGs can correctly
disentangle re ectance from lighting, as evidenced by the absence of white highlights in the predict albedos.3B|IBaRrjot capture

these bright regions due to a diffuse-only shading model, while MC oversmooths the predictions due to noisier pixel gradients. While all
methods cannot completely reconstruct the environment map, our method can predict the correct dominant light location and sky color.

4.5.4 Glossy Surfaces

Experimental Settings We further apply our model to synthetic images rendered with positive
roughness (glossy). To apply MC shading in such a case, we assume no prior knowledge for
material and use a high sample couxt £ 1024) to account for possibly low roughness
images in the dataset. Due to high rendering time and memory cost, we subgéfgilthe

pixels and appl\in, to those pixels only in each training iteration. As such, we do not use
the perceptual losis,, as it relies on the whole image. We predi@a 16 environment

map for lighting and predict global andm for the specular BRDF. For SG shading, we use

the same settings as for the metallic surfaces.

Experimental Results We apply both MC and SG shading and compare with DIB-R. Results
are shown in Fig4.14and Table4.3 (Right). Qualitatively, SG shading has better lighting
predictions with correct high-luminance regions. The specular highlights in the images
successfully guide SG shading, while the bright re ection on the car window and front cover
are fused with texture map iB§]. MC also has reasonable lighting predictions, but the
predicted light map lacks structure due to weak surface re ections. Without a perceptual
loss term, the predicted textures also tend to be blurrier.

Quantitatively, SG shading signi cantly outperforms DIB-BT on lighting prediction
in terms of NCC (0.078 vs. 0.127) and improves on texture prediction in terms of
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Figure 4.15: Prediction on the Glossy Car Dataset (> 0). Top and Middle: We show more comparisons for three different shading
methods. When the objects are glossy but not perfectly specular, SGs can correctly disentangle re ectance from lighting, as evidenced by
the absence of white highlights in the predict albedos. DIB:® ¢annot capture these bright regions due to a diffuse-only shading model,
while MC oversmooths the predictions due to noisier pixel gradients. While all methods cannot completely reconstruct the environment
map, our method can predict the correct dominant light location and sky 8dtiom Row: We show a failure case in the bottom row.

All the methods fail when the texture contains a lot of high frequency details. We show SG only reconstructs low frequency content.
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Figure 4.16: Specular effect of SG ShadingWe decompose the prediction into diffuse albedo, light and material parameters, then
visualize the specular contribution in other views and compare with GT (last 4 columns). Although the predicted material parameters do
not match GT, interestingly, the specular renderings align well with each other.

BRDF/lighting disentanglement. We also compare with MC shading, where MC achieves
slightly worse results on lighting predictions compared to SG, but is still much better than
DIB-R. More results are shown in Fig.15

Failure Cases We also provide failure cases in the last row of Fig.3and Fig.4.15 We

nd that when the GT environment map or the base texture map contains high frequency

patterns, the problem becomes harder and our neural networks can only reconstruct low
frequency content. This problem might be addressed with recent advances of position

encoding and we leave it for future work.

4.5.5 Shape & Material Evaluation

Shape Evaluation 2D loU loss measures the projection of the predicted shapes. As shown in
Thl. 4.3, the scores of all the methods are pretty close, which indicates DIB-R and DIB-R++
have similar performance for the geometry. We also evaluate the Chamfer distance between
the predictions and GT meshes (normalized as one) in our glossy dataset predictions, where
DIB-R++ is 0.036 while DIB-R is 0.037. It further demonstrates the both methods can
recover good geometry.

Material Evaluation We also check the predicted surface re ectance materials and GT and
found little correlation. We then decompose the prediction into the albedo map, lighting and
material parameters, and display the specular effect in other views id.Ef).Compared to

GT, we nd the specular effects align very well with each other, even though the predicted
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Figure 4.17: Ablation Study of Shading Methods. Even though we apply the same lighting representation to DIB<R flue to the

lack of specular transport suport] cannot perfectly disentangle the specular light from diffuse labedo. Its window and front cover still
“bake in” white specular light. Moreover, the lighting is also blurry, as opposed to DIB-R++. This demonstrates the necessity of explicitly
modelling advanced lighting effect in the renderer.

material parameters has little correlation with GT. It might indicates the material and light
disentanglement may have more than one solution, as also evidenced4rB8Fig.

4.5.6 Ablation Study

In this section, we provide ablation study to evaluate the performance of our DIB-R++. We
rst analyze the choice of rasterization renderer, then compare3SHahd SG shading,

then explore the effects of numbers of SG components. We also ablate the in uence of all
the loss terms. Finally, we run our model three times and report the training variance sto
show that our method is insensitive to random seed.

Choice of Differentiable Rasterizer Our DIB-R++ rendering framework is quite exible. Inthe

rst stage, it supports an arbitrary differentiabler rasterization method, e.g. NVDiffRas} [

or DIB-R [3g]. Compared to DIB-R, NVDiffRast is more ef cient. However, the way
NVDiffRast handles occlusion relies on anti-aliasing, while DIB-R uses soft rasterization.
Theoretically, anti-aliasing only in uences edge pixels while soft rasterization computes



76 CHAPTER 4. A ONE-BOUNCE RAY-TRACING BASED RENDERER

the soft probability of all pixels, providing more gradient signals in shape deformation. We
experimentally found that the predicted shape from DIB-R is better than NVDiffRast so we
chose DIB-R.

Comparison of SH and SG Shading DIB-R++ achieves much better disentanglement for re-
ective surfaces compared to DIB-R3{], since it can account for surface re ections while
[3€] only supports naive diffuse surfaces low-frequency lighting. We have shown quanti-
tatively and qualitatively comparisons witid] in Sec.4.5.3and Sec4.5.4 where B3]

uses Spherical Harmonic (SH) lighting while we use Spherical Gaussian lighting. However,
among these results, we use the default lighting $6t, [which uses a 2-order SH basis
and contains 27 parametegs ( 3 = 27, 9 for 2nd SH and 3 for RGB). On the other hand,
DIB-R++ applies SG shading and 32 components SG light, which is composed of 224
parameters32 7 = 224). As such, DIB-R++ differs from3g] in two key aspects: shading
method and light representations. Thus, we further apply the same SG lighti#) smfl
compare with DIB-R++ again, where the only difference is the shading method to perform a
more fair comparison.

We show the comparison results in Figl7 and
Tbl. 4.4. After applying SG lighting to 9], it is still Shading Glossy surfacesf]
incapable of disentangling strong lighting from the Image 2DloU Light Tex

! DIB-R++w/ SG| 0.024 0.057 0.091 0.140
base texture. As a result, the car's window and front ;5 s6 | 0.023 0063 0098 0.147
cover still “bake in” white specular light. Moreover, [w/SH ]0.024 0062 0131 0.152
the lighting prediction of §3] is blurrier. Quantita-  Table 4.4: Comparison of shading methods.
tively, the lighting loss of §&] with SG is better than that of3ff] with SH, probably due
to more parameters (224 vs. 27). However, it is still worse than DIB-R++ with SG. This

demonstrates the necessity of explicitly modeling advanced lighting effects in the renderer.

Number of SG Components We study the in uence of Shading Glossy surfaces
the number of SG componeris and show results K SGs | Image 2DloU Light Tex.
in Fig. 4.18and Tbl.4.5. When SG components 4 0.025 0067 0.118 0.147
are less than 4, the representation ability is limited. 8 0.025 0.063 0.093 0.145
Consequently, the predicted lighting only has one 16 | 0024 0063 0.092 0.143

. . 0.024 0.057 0.091 0.140
mode. Itis also re ected in Tb#.5: less components

. . . . i Table 4.5: Ablation study of number of SG components.

generally result in higher lighting prediction error.

On the other side, when the SG components are larger than 16, the performance becomes
similar (Thl. 4.5, 16 vs. 32). However, more SG components have higher representation
ability and predicted visually better results, as shown in Eig38 Thus, we generally
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Figure 4.18:Ablation Study of Number of SG Components.As the number of SG components increase, the predicted lighting is more
and more similar to the GT lighting and the color of predicted texture becomes more and more visually uniform, which indicates better

disentanglement.
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Figure 4.19:Ablation Study of Loss Terms. Similar to [297], we also ndL 5, regularizes the geometry to be smooth wiijg,
helps create high-frequency, detailed textures.

chooseK = 32 in the experiments to make full use of a 16GB memory GPU.

Ablation Study of Loss Terms We also ablate the loss terms in our method in Eig9and
get similar observations as ir?§1]. Speci cally, we nd L, regularizes the geometry to
be smooth while ¢, helps in creating high-frequency, detailed textures.

Training Variance ~ Lastly, we train our model three Shading Glossy surfacesd
Image 2D IloU Light Tex.

times on glossy surfaces and report the performan6@r++w. scround1| 0.024 0057 0091 0.140
DIB-R++w. SGround 2| 0.025 0.061 0.092 0.143

in Tbl. 4.6. Our model converges well, and randony; .. w sc round3 0025 0062 0091 0.143

seeds had little effect on performance. The models  Mean 0.025 0.060  0.091 0.142
Variance 0.000 0.002 0.000 0.001

have very similar predicted results and close scores. - R )
able 4.6: Training variance.
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The variance is small, which demonstrates the robustness of our model.

4.6 Summary

As shown in our previous two experiments, Monte Carlo shading works best under a metallic
assumption ( = 0), in which case the rendered images can have rich details at low sample
count(N  4). However, when the surface is more Lambertian (i.e., whenbecoming
larger), we have to compensate with a larlyeto produce noise-free renderings, which
impacts learning both time- and memory-wise. As a consequence, we recommend applying
MC shading to metallic surfaces only, and default to SGs otherwise.

Our spherical Gaussian shading pipeline provides an analytic formulation for estimating the
rendering equation, which avoids the need of tracing ray samples, largely accelerating the
rendering process. While SGs can be blurry on metallic surfaces, in most case (e.g., when

0:2) it can model similar rendering effects at a fraction of the cost, achieving better
results than MC shading andd].

After inspecting the predicted surface material properties,(m) and diffuse albedo with

the ground-truth parameters in Blender, we nd the materials contain little correlation and
the intensities of diffuse albedo might change. As for SG, we are using only 32 basis
elements to simulate a complex, high de nition environment map (2K). Since SGs can only
represent a nite amount of details, we nd the predicted globaknds to be too small.

One hypothesis for this is that the optimizer arti cially prefers more re ections (and thus
lower roughness) to be able to estimate at least some portions of the environment map. On
the other hand, in MC, due to the absence of a perceptual loss, the predicted texture is too
blurry and cannot represent GT to a high detail. We nd that the predictaddm do

not have strong correlation with the GT material. Lastly, we note that the predicted texture
map has to change its overall intensity to accommodate for other parameters to ensure the
re-rendered images are correct, which leads to some differences with GT. More analysis can
be found in Sec4.3.6and Sec4.5.5

In summary, when we have no prior knowledge about the material, our re-rendered images
can be very close to the input images but the predicted material parameters are not always
aligned with the GT materials. We believe this problem can be relieved by incorporating
additional local constraints, e.g., part-based material priors, or by leveraging anisotropic SGs
[27€]. For instance, a car body is metallic while its wheels are typically diffuse; predicting
different parameters for each region has the potential of improving disentanglement and
interpretability. We leave this as future work.



Chapter 5

Singe-view Real Imagery 3D Object
Reconstruction

Differentiable rendering has paved the way to training neural networks to perform “inverse
graphics” tasks such as single-view 3D object reconstruction. To train high performant
models, most of the current approaches rely on multi-view imagery, which are not readily
available in existing real datasets. Applying renderings of synthetic CAD models often leads
to a gap in performance when tested on real photographs. In this chapter, we aim to extract
3D knowledge from real imagery by utilizing differentiable renderers. We observe that recent
Generative Adversarial Networks (GANSs) not only synthesize photorealistic images, but
also acquire 3D knowledge implicitly during training: object viewpoints can be adjusted by
simply manipulating the latent codes. Therefore, we propose to exploit GANs as a multi-
view data generator, synthesizing in nite multi-view photorealistic images to train inverse
graphics networks using off-the-shelf differentiable renderers. We show that our approach
achieves exquisite 3D reconstruction effects for real images. It signi cantly outperforms
state-of-the-art inverse graphics networks trained on existing datasets, both quantitatively
and via user studies. By incorporating more expressive rendering equations, it further
acquires faithful material and lighting disentanglement, enabling artistic applications
including material editing and relighting.

5.1 Introduction

The ability to infer 3D properties such as geometry, texture, material, and light from pho-
tographs is key in many domains such as AR/VR, robotics, architecture, and computer vision.
Interest in this problem has been explosive, particularly in the past few years, as evidenced by

79
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a large body of published works and several released 3D libraries (Tensor owGraphigs [
Kaolin [107], PyTorch3D p09)).

The process of going from images to 3D is often called “inverse graphics”, since the problem
is inverse to the process of rendering in graphics in which a 3D scene is projected onto
an image by taking into account the geometry and material properties of objects, and
light sources present in the scene. Supervised warks [L68 70, , 42] require 3D
labels during training, which are very expensive to acquire. Recent works have explored an
alternative way to train inverse graphics networks that sidesteps the need for 3D ground-truth
during training. The main idea is to make graphics renderers differentiable which allows
one to infer 3D properties directly from images using gradient based optimizatios, [

, 152, 38]. These methods employ a neural network to predict geometry, material, and
light from images, by minimizing the difference between the input image with the image
rendered from these properties.

While impressive results have been obtainedlinv] 231, , 89, 38, 39, 116, most of

these works still require some form of implicit 3D supervision such as multi-view images of
the same object with known cameras. Thus, most results have been reported on the synthetic
ShapeNet dataset ], or the Pascal3D datasei |7 annotated with keypoints from which
cameras can be accurately computed using structure-from-motion techniques. However,
neither of them are perfect. The former brings a domain gap whereas the latter contains too
few single-view images to train generalizable, high performant models. As a result, they
still struggle with real photographs.

In this chapter, we aim to extract 3D knowledge frazal imageryby utilizing differentiable
graphics renderers. We observe that Generative Adversarial Networks (GANs) have shown
the ability of generating images of high photorealism. Recent wirk][further demon-
strates it is able to learn 3D information implicitly, e.g., by manipulating the latent code,
it can produce images of the same scene from a different viewpoint. As such, we propose
to exploit a GAN, speci cally StyleGAN 119, as a generator to synthesize multi-view
photorealistic images, building a dataset containing in nite amount of data which is suitable
for inverse graphics tasks.

We create a large scale dataset, containing more than 10 times more images compared to
the existing Pascal3D dataset. We then employ it to train inverse graphics neural networks
using differentiable renderers§, 39). Our approach presents exquisite 3D reconstruction
from real imagery, signi cantly outperforming inverse graphics networks trained on existing
datasets. By incorporating more expressive rendering equaftiohs\je also demonstrate
faithful material and lighting disentanglement and showcase several artistic applications
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including material editing and relighting.

5.2 Related Work

3D from 2D Reconstructing 3D objects from 2D images is one of the mainstream problems
in 3D computer vision. We here focus our review to single-image 3D reconstruction which
is the domain of our work. Most of the existing approaches train neural networks to predict
3D shapes from images by utilizing 3D labels during training,(} 168 42, 197. However,

the need for 3D training data limits these methods to the use of synthetic datasets. When
tested on real imagery there is a noticeable performance gap.

Newer works propose to differentiate through the traditional rendering process in the training
loop of neural networks,![57, i , 38, 39). Differentiable renderers allow one to infer

3D from 2D images without requiring 3D ground-truth. However, in order to make these
methods work in practice, several additional losses are utilized in learning, such as the multi-
view consistency loss whereby the cameras are assumed known. Impressive reconstruction
results have been obtained on the synthetic ShapeNet dataset. While CMRatrid

DIB-R by [3€] show real-image 3D reconstructions on CUE{] and Pascal3D477]
datasets, they rely on manually annotated keypoints, while still failing to produce accurate
results.

A few recent works, 169, , 64, 121], explore 3D reconstruction from 2D images in a
completely unsupervised fashion. They recover both 3D shapes and camera viewpoints from
2D images by minimizing the difference between original and re-projected images with
additional unsupervised constraints, e.g., semantic informatieri]jf symmetry (P69),

GAN loss ([.21]) or viewpoint distribution (p4]). Their reconstruction is typically limited

to 2.5D ([269), and produces lower quality results than when additional supervision is used
([64, , 121]). In contrast, we utilize GANSs to generate multi-view realistic datasets that
can be annotategiktremely ef cientlywhich leads to more accurate 3D results.

GAN Manipulation ~GANSs [66, 119 take a latent code as input and synthesize an image.
However, the latent code is sampled from a prede ned prior and lacks interpretability.
Exploring how to manipulate the latent code to generate an image with desired properties
has been widely explored £2, 151, 195. Pioneering work is InfoGAN4 1], which tries to
maximize the mutual information between the prior and the generated image distribution.
[244] transfers face rigging information from an existing model to control face attribute
disentanglement in the StyleGAN latent spac22 aims to nd the latent space vectors

that correspond to meaningful edits, whit&] exploits PCA to disentangle the latent space.
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Figure 5.1:0Overview. We exploit StyleGAN as a synthetic data generator, and label the generated data in an extremely ef cient way.
This “dataset” is used to train an inverse graphics network that predicts 3D properties from single-view images.

In our work, we manipulate the latent space to synthesize multi-view images suitable for
training inverse graphics techniques.

5.3 Our Approach

We start by providing an overview of our approach (Fidl), and describe the individual
components in more detail in the following subsections. Speci cally, we leverage the fact
that the recent state-of-the-art GAN architecture StyleGAN] learns to produce highly
realistic images of objects, and allows for a reliable control over the camera. We manually
select a few camera views that covers all common viewpoints of objects, and use StyleGAN
to generate a large number of examples per view, which we explain irbSet. While
training inverse graphics models typically requires known camera poses for images, in
Sec.5.3.2we provide an ef cient way to annotate camera poses for the created StyleGAN
dataset. In Se&.3.3 we exploit this dataset to train inverse graphics networks utilizing
the state-of-the-art differentiable renderers, DIB-R and DIB-R#3 £9]. We show our
created StyleGAN dataset signi cantly improves real imagery 3D reconstruction results.
Incorporating expressive rendering equatio#iq further allows us to recover advanced
lighting and surface material from real images, which enables many artistic applications
including material editing and relighting.

5.3.1 StyleGAN as Synthetic Data Generator

We rst aim to utilize StyleGAN to generate multi-view imagery. StyleGAN is a 16 layers
neural network that maps a latent cad® Z drawn from a normal distribution into a
realistic image. The codeis rst mapped to an intermediate latent code2 W which is
transformed tav = (w;;w,; 5, W) 2 W through 16 learned af ne transformations. We
callW the transformed latent space to differentiate it from the intermediate latent space
W. Transformed latent codes are then injected as the style information to the StyleGAN
Synthesis network.

Different layers control different image attributes. As observed.irt], styles in early
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Figure 5.2:StyleGAN Viewpoint & Content Disentanglement We show examples of cars ( rst two rows) synthesized in chosen
viewpoints (columns). To get these, we x the latent codgthat controls the viewpoint (one code per column) and randomly sample the
remaining dimensions of (Style)GAN's latent code (to get rows). Notice how well aligned the two cars are in each column. In the third
row we show the same approach applied to horse and bird StyleGAN.

layers adjust the camera viewpoint while styles in the intermediate and higher layers
in uence shape, texture and background. We empirically nd that the latent wpde

(wy;w,; ws;wW,) in the rst 4 layers controls camera viewpoints. That is, if we sample a
new codew, but keep the remaining dimensionswf xed (which we call the content
code), we generate images of the same object depicted in a different viewpoint. Examples
are shown in Fig5.2

We further observe that a sampled cadgein fact represents a xed camera viewpoint. That
is, if we keepw, xed but sample the remaining dimensionswf, StyleGAN produces
imagery of different objects in the same camera viewpoint. This is shown in columns in
Fig. 5.2 Notice how aligned the objects are in each of the viewpoints. This makes StyleGAN
amulti-viewdata generator!

“StyleGAN” multi-view dataset We manually select several views, which cover all the com-
mon viewpoints of an object ranging from 0-360 in azimuth and roughly 0-30 in elevation.
We pay attention to choosing viewpoints in which the objects look most consistent. We
show all of our selected viewpoints in Fig.3. Speci cally, we demonstrate on car, bird

and horse StyleGAN models. The created car, bird and horse training datasets contain 39,
22 and 8 views, respectively. We nd that these views are suf cient to learn accurate 3D
inverse graphics networks. Notice the high consistency of both the car shape and texture as
well as the background scene across the different viewpoints.

We further show examples from our StyleGAN-generated dataset ifb BigiVe sample

such that our dataset contains objects with various shapes, textures and viewpoints. In
particular, in the rst six rows, one can notice a diverse variants of car types (Standard Car,
SUV, Sports car, Antique Car, etc) . We nd that StyleGAN can also produce rare car shapes
like trucks, but with a lower probability.
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Car Viewpoints

Horse Viewpoints

Bird Viewpoints

Figure 5.3: All Viewpoints. We show an example of a car, a bird and a horse synthesized in all of our chosen viewpoints. While shape
and texture are not perfectly consistent across views, they are suf ciently accurate to enable training accurate inverse graphics networks in
our downstream tasks. Horses and birds are especially challenging due to articulation. One can notice small changes in articulation across

viewpoints. Dealing with articulated objects is subject to future work.
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Figure 5.4: Dataset Overview We synthesize multi-view datasets for three classas:horse andbird. Our datasets contain objects

with various shapes, textures and viewpoints. Notice the consistency of pose of object in each column (for each class). Challenges
include the fact that for all of these objects StyleGAN has not learned to synthesize views that overlook the object from above due to the
photographer bias in the original dataset that StyleGAN was trained on.
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Segmentation Since differentiable renderers also utilize segmentation masks during training,
we further apply MaskRCNN/] to get instance segmentation in our generated dataset. As
StyleGAN sometimes generates unrealistic images or images with multiple objects, we Iter
out “bad” images which have more than one instance, or small masks (less than 10% of the
whole image area).

Discussion StyleGAN datasets have two limitations. First, we could not nd views that
would depict the object from a higher up camera, i.e., a viewpoint from which the roof of
the car or the back of the horse would be more clearly visible. This is mainly due to the
original dataset on which StyleGAN was trained on, which lacked such views. This leads to
challenges in training inverse graphics networks to accurately predict the top of the objects.

Secondly, for articulated objects such as the horse and bird classes, StyleGAN does not
perfectly preserve object articulation in different viewpoints, which leads to challenges
in training high accuracy models using multi-view consistency loss. We leave further
investigation of articulated objects to future work.

5.3.2 Camera Initialization

Inverse graphics tasks require camera pose information during training, which is challenging
to acquire for real imagery. Pose is generally obtained by annotating keypoints for each
object and running structure-from-motion (SfM) techniqu&s 277 to compute camera
parameters. However, keypoint annotation is quite time consuming — requiring roughly
3-5minutes per object which we verify in practice using the LabelMe interfacd.[In our

work, we utilize StyleGAN to signi cantly reduce annotation effort since samples with the
samew, share the same viewpoint. Therefore, we only need to assign a few sekgcted
into camera poses, instead of annotating all the images.

Although StyleGAN datasets largely reduce the amount of images that require labelling,
annotation of kyepoints is still time-consuming. We further propose a more ef cient way
to accelerate it. Speci cally, instead of accurate keypoints annotation, we annotate the
chosen viewpoint codes with a rough absolute camera pose. To be speci ¢, we classify each
viewpoint code into one of 12 azimuth angle bins, uniformly sampled ak@0gieg We

assign each code a xed elevation J@nd camera distance. These camera poses provide a
very coarse annotation of the actual pose — the annotation serves as the initialization of the
camera which we will optimize during training. This allows us to annotate all views (and
thus the entire dataset) amly 1 minute — making annotation effort neglible. We call our
methodLazyInit
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Azimuth=0 Azimuth=30 Azimuth=30 Azimuth=180 Azimuth=210 Azimuth=270

Figure 5.5:Annotation Comparisons. We show two different annotation methods: Lazylnit and SfM. Top row shows the classi ed

pose bin annotations, while the images show the annotated keypoints. For 39 viewpoints car class, annotating pose bins took 1 min,
while keypoint annotation took 3-4 hours. We empirically nd that pose bin annotation is suf cient in training accurate inverse graphics
networks (when optimizing camera parameters during training in addition to optimizing the network parameters).

Discussion We visualize our two different annotation types in Bi¢p. We show annotated

bins in the top. We also show the annotated keypoints for the (synthesized) car example in
the image, based on which we can compute camera poses using SfM. LazyInit provides very
coarse annotations while SfM results in more accurate camera poses. However, it is still
noisy due to the view inconsistency in StyleGAN images. When training inverse graphics
models we will propagate gradients to camera poses as well to improve the pose annotation
in each view. In practice, we nd starting from either SfM or LazyInit, the converged camera
poses are very similar to each other. Since Lazylnit requires much less time, we adopt it
in all our inverse graphics experiments. Comparison between two methods are shown in

Sec5.4.2

5.3.3 Training Inverse Graphics Neural Networks

Now we discuss how to train inverse graphics networks with StyleGAN dataset. We verify
two rendering equations in training. We rst employ the rasterization based renderer, DIB-R,
to recover shape and texture from images. We further apply more expressive rendering
equations, utilizing DIB-R++ to predict advanced lighting and material parameters from
real images.

Shape and Texture Recovery Following CMR [L16, we rstadopt DIB-R as the differentiable
graphics renderer, training a 3D prediction network to infer 3D shape and texture from
images. We turn off lighting and surface material in this setting.

Let| denote an image captured in camera viewpwifitom our StyleGAN dataset, and

M is its corresponding object mask. The inverse graphics netiwpparameterized by

#, makes a prediction as follow§S; Tg = F (I ;#), whereS is the shape whil&@ is the
texture. To train the network, it takes the prediction as input and produces rendered image
and mask I Mg = R(v;S;T). We slightly modify the loss function ir3f] to t for the

new dataset:

L = coll—col(r;'I )+ IOUI—IOU (M;M )+ Iapl—lap( )+ perl—per(r;l )+ movl—mov(s)
(5.1)
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Here,L oo is the standartl ; image reconstruction loss de ned in the RGB color spagey
computes the intersection-over-union between the ground-truth mask and the rendered mask.
L ap is the commonly used regularization loss to ensure the shape is well behgveid.

the perceptual loss that helps the predicted texture look more realistic. Finally, following
CMR [116], we addL o, to further regularize the shape deformation to be uniform and
small. Its key idea is to learn a mean shape, where the nal shape is equal to the mean shape
plus predicted deformatior. ., tries to minimize the difference between the mean shape
and nal shape, which helps stabilize the shape prediction.

Training with Multi-view Consistency and Noisy Camera Multi-view consistency loss is typi-

cally used with the synthetic Shapenet datasat $3, 39 but rarely adopted for real-image
inverse graphics tasks due to the lack of available data. Thanks to StyleGAN dataset, we
have access to multi-view images for each object so we apply it during training. We nd that
this loss is key in obtaining highly accurate results. In particular, we follow the multi-view
loss de ned in Eq(3.19. While more views provide more constraints, empirically, two
views have been proven suf cient. We randomly sample views for ef ciency.

When we use the above loss functions, we will jointly train the neural netwoakd
optimize viewpoint cameras (which were xed in DIB-R). We assume that different images
generated from the same, correspond to the same viewpoint. Optimizing the camera
jointly with the weights of the network allows us to effectively deal with noisy initial camera
annotations.

Predicting Advanced Lighting and Material ~ StyleGAN have shown powerful ability to generate
photorealistic images. The synthesized images contain not only delicate texture, but also
exquisite lighting effects. By incorporating more expressive rendering equations, we can
further infer advanced lighting and surface material parameters. We modify the network
to jointly predict geometry , lighting and SVBRDF ! from the input images. We

then choose DIB-R++ to render the 3D properties back to images and adopt the same loss,
minimizing the input images and rendered images to train the network.

While DIB-R can also be employed to predict lighting, we show the rasterization based
renderer only supports low-frequency lighting, e.g., Spherical Harmonics, which fails to
account for high order lighting effects. As a result, it sometimes “bakes in” lighting in
texture, especially for the images with strong re ection or specular effects. In contrast,
DIB-R++ supports more expressive rendering equations to represent secondary lighting

1To distinguish two settings, we u$&; T g to represent shape and texture in the rst setting while ; g to represent shape,
material and lighting in the second casecontains both surface albedo map and surface re ectance parameters.
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effects, disentangling accurate material and faithful lighting which can further be used in
material editing and relighting applications.

5.4 Experiments

In this section, we showcase our approach on inverse graphics tasks (single-view 3D object
reconstruction). We rst describe our StyleGAN dataset in $eé.1, then show the
results of shape and texture recovery in Sed.2 Lastly, we exhibit lighting and material
prediction as well as material editing and relighing application in Sec3

5.4.1 StyleGAN Dataset

StyleGAN Models We choose three category-speci ¢ StyleGAN models, one representing

a rigid object class, and two representing articulated (and thus more challenging) classes.
We use the of cial car and horse model from StyleGANZ2(] repo which are trained on

LSUN Car and LSUN Horse with 5.7M and 2M images. We also train a bird model on
NABiIrds [257 dataset, which contains 48k images.

Our “StyleGAN” Dataset We rst randomly sample 6000 cars, 1000 horse and 1000 birds
with diverse shapes, textures, and backgrounds from StyleGAN. After Itering out images
with bad masks as described in SBS.1, 55429 cars, 16392 horses and 7948 birds images
remain in our dataset which is signi cant larger than the Pascal3D car datasg{4175

car images). Note that nothing prevents us from synthesizing a signi cantly larger amount
of data, but in practice, this amount turned out to be suf cient to train good models. We
provide all views and car, bird and horse examples in Eigand Fig.5.4.

5.4.2 Shape & Texture Recovery with DIB-R

Experimental Details We rst train a inverse graphics network with DIB-R to predict shapes
and texture maps from images. Our DIB-R based inverse graphics model was trained with
Adam ([124]), with a learning rate of 1e-4. We sefu, col, 1ap, @aNd meyto 3, 20, 5, and

2.5, respectively. We rst train the model with., loss for 3K iterations, and then ne-tune

the model by adding} yecepito make the texture more realistic. We Sgdicepito 0.5. The
model converges in 200K iterations with batch size 16. Training takes around 120 hours on
four V100 GPUs.

Results on StyleGAN Dataset We show 3D reconstruction results in Fig6. Notice the
guality of the predicted shapes and textures, and the diversity of the 3D car shapes we obtain.
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Input Prediction Multiple Views Input Prediction Multiple Views

Figure 5.6:Shape & Texture Reconstruction ResultsGiven input images (1st column), we predict 3D shape, texture, and render them

into the same viewpoint (2nd column). We also show renderings in 3 other views in remaining columns to showcase 3D quality. Our
model is able to reconstruct cars with various shapes, textures and viewpoints. We also show the same approach on harder (articulated)
objects, i.e., bird and horse.

Pascal3D

Ours

Input Prediction Texture Multiple Rendered Views of Prediction

Figure 5.7:Comparison on Pascal3D Testing SetWe compare inverse graphics networks trained on Pascal3D and our StyleGAN
dataset. Notice considerably higher quality of prediction when training on the StyleGAN dataset.

Our method also works well on more challenging (articulated) classes, e.g. horse and bird.
We provide additional examples in Fig.8.

Evaluation on Pascal3D Dataset We test our model on Pascal3D test set and show qualitative
results in Fig5.7. Additional results are provided in Fi§.9. Note that the images from
Pascal3D dataset are different from those our StyleGAN-model was trained on. Our model
is trained on GAN images generated by StyleGANY], thanks to this powerful generative
model, the distribution of GAN images is similar to the distribution of real images, allowing
our model to generalize well.

To evaluate our dataset, we also train exactly the same inverse graphics model on the
Pascal3D car datasei 7] and compare with the model trained on our StyleGAN dataset.
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Input Pred. Multiple Views for the predicted shape and texture

Figure 5.8:3D Reconstruction Results for Car, Horse, and Bird ClassesNVe show car, horse and bird examples tested on the images
from the StyleGAN dataset test sets. Notice that the model struggles a little in reconstructing the top of the back of the horse, since such
views are lacking in training.
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Pascal3D Ours Pascal3D Ours Pascal3D Ours Pascal3D Ours Pascal3D Ours Pascal3D

Ours

Input Pred. Multiple Views

Figure 5.9: Comparison on PASCAL3D Imagery. We compare PASCAL-model with StyleGAN-model on PASCAL3D test set. While
the predictions from both models are visually good in the corresponding image view, the prediction from StyleGAN-model have much
better shapes and textures as observed in other views.



5.4. EXPERIMENTS 93

Pascal3D dataset has annotated keypoints, which we utilize to train the baseline model,
termed as as Pascal3D-model. As shown in Eigand Fig.5.9, although the Pascal3D-
model's prediction is visually good in the input image view, rendered predictions in other
views are of noticeably lower quality than ours, which demonstrates that StyleGAN dataset
helps recover 3D geometry and texture better than Pascal3D dataset.

Dataset Size  Annotation Model Pascal3D test  StyleGAN test
Pascal3D 4K 200-350h Pascal3D 0.80 0.81
StyleGAN 50K 1min Ours 0.76 0.95

(a) Dataset Comparison (b) 2D IOU Evaluation

Table 5.1: (a): We compare dataset size and annotation time of Pascal3D with our StyleGAN dataset. (b): We evaluate re-projected 2D
10U score of our StyleGAN-model vs the baseline Pascal3D-model on the two datasets.

We also quantitatively evaluate the two models in Tablefor the car class. We report the
estimated annotation time in Tabk1 (a) to showcase ef ciency behind our StyleGAN
dataset. It takes 3-5 minutes to annotate keypoints for one object, which we empirically
verify. Thus, labeling Pascal3D required around 200-350 hours while ours takes only 1
minute to annotate a 10 times larger dataset.

In Table5.1(b), we evaluate shape prediction quality by the re-projected 2D IOU score. Our
model outperforms the Pascal3D-model on the SyleGAN test set while Pascal3D-model is
better on the Pascal test set. This is not surprising since there is a domain gap between two
datasets and thus each one performs best on their own test set. Note that this metric only
evaluates quality of the prediction in input view and thus not re ect the actual quality of the
predicted 3D shape/texture.

Human Study To analyze the quality of 3D prediction, we conduct an AMT user study

on thePascal3D test setvhich contains 220 images. We implement our user interface,
visualized in in Fig5.10 on Amazon Mechanical Turk. For each example, we show the
input image and predictions rendered in 6 views such that users can better judge the quality
of 3D reconstruction. We show results for both our inverse graphics network (trained on the
StyleGAN dataset) and the one trained on the Pascal3D dataset. We also compare shape
reconstruction and textured models separately, such that users can judge the quality of both,
shape and texture, more easily.

We randomize the order of ours vs baseline in each HIT to avoid any bias. We ask users
to choose results that produce more realistic and representative shape, texture and overall
quality with respect to the input image. We separate judgement of quality into these three
categories to disentangle effects of 3D reconstruction from texture prediction. We also
provide “no preference” options in case of ties. Our instructions emphasize that more
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Figure 5.10:User Study Interface (AMT). Predictions are rendered in 6 views and we ask users to choose the result with a more realistic
shape and texture that is relevant to the input object. We compare both the baseline (trained on Pascal3D dataset) and ours (trained on
StyleGAN dataset). We randomize their order in each HIT.

Overall Shape Texture Overall Shape  Texture
Ours 57.5% 61.6% 56.3% All Agree 26.1% 29.6% 27.1%
Pascal3D-model 25.9% 26.4%  32.8% Two Agree 61.1% 58.6% 62.1%
No Preference 16.6% 11.9% 10.8% No Agreement 12.8% 11.8% 10.8%
(a) 3D Quality Study (b) Annotator Agreement

Table 5.2: User study results: (a): Quality of 3D estimation (shape, texture and overall). (b): Annotators agreement analysis. “No
agreement” stands for the case where all three annotators choose different options.

“representative” results of the input should be selected, to avoid users being biased by good
looking predictions that are not consistent with the input (e.g., such as in the case of over t
networks).

We evaluate the two networks on all 220 images from the Pascal3D test set (which are
“in-domain” for the Pascal3D-trained network). For each image we ask three users to perform
evaluation, which results in 660 votes in total. We report the average of all votes as our
nal metric and report annotator agreement analysis in TaliteUsers show signi cant
preference of our results versus the baseline, which con rms that the quality of our 3D
estimation. Moreover, for shape, texture, and overall evaluation, there are 88.2%, 89.2%,
and 87.2% cases where at least two out of three users choose the same option.

Ablation Study In Fig 5.11we ablate the importance of using multiple views in our dataset,
i.e., by encouraging multi-view consistency loss during training. We compare predictions
from inverse graphics networks trained with and without the losses and nd signi cant
differences in quality. Absence of multi-view consistency loss results in strong degradation
in new views. This further indicates the superiority of our StyleGAN dataset compared
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W.0 M. V. Full w.o P. w.0 M. V. Full

w.o P.

Input Pred. Texture Pred. Multiple Views

Figure 5.11:Ablation Study. We ablate the use of multi-view consistency and perceptual losses by showing results of 3D predictions.
Clearly, the texture becomes worse in the invisible part if we remove the multi-view consistency loss (rows 2, 5, denoted by “w.o M. V",
which denotes that no multi-view consistency was used during training), showcasing the importance of our StyleGAN-multivew dataset.
Moreover, the textures become quite smooth and lose details if we do not use the perceptual loss (rows 3, 6, noted by “w.o P.”, which
denotes that no perceptual loss was used during training).

-Init.

Lazylnit

-Init.

SfM

Input Pred. Multiple Views for the Predicted Shape and Texture

Figure 5.12: Comparison of Different Camera Initialization Methods. The rst row shows predictions frorB8fM -Initialization
(cameras computed by running SFM on annotated keypoints) and the second row show results obtained by tralraaglwith-
Initialization (cameras are coarsely annotated into 12 view bins). Notice how close the two predictions are, indicating that coarse viewpoint
annotation is suf cient for training accurate inverse graphics networks. Coarse viewpoint annotation can be done in 1 minute.



96 CHAPTER 5. SINGE-VIEW REAL IMAGERY 3D OBJECT RECONSTRUCTION

Annotation Type Annotation Time Training Time 2D IOU Quaternion Mean Max
SfM 3-4h 60h 0.953 Oxyz 143 2.95
Lazylnit 1min 60h 0.952 OQw 042 111

(a) Time & Performance (b) Camera Difference after Training

Table 5.3: Comparison of different camera initialization methods. First table shows annotation time required for the StyleGAN dataset,
and training times of theazylnit -model andSfM -model on the dataset with respective annotations (binned viewpoints or cameras
computed with SFM from annotated keypoints). Tlaylnit -model requires signi cantly less annotation time, and its nal performance

is comparable to th&fM -model. Second table shows the difference of the camera parameters after training both methods (which
optimize cameras during training). They converge to very similar camera positions. This shows that coarse view annotation along with
camera optimization during training is suf cient in training high accuracy inverse graphics networks.

to Pascal3D dataset, which provides only single-view images and has strong performance
degradation in new views. We also investigate the effects of perceptual loss and nd it
also play an import role in training. Clearly, it helps keep texture more realistic, where the
models wihout it will results very blurry results.

We further conduct an ablation study to demonstrate the effectiveness bapyimit

camera initialization. We train another inverse graphics network with a anerateSfM

camera initialization. Such an initialization is done by manually annotating object keypoints

in each of the selected views/() of a single car example, which takes about 3-4 hours
(around 200 minutes, 39 views). Note that this is still a signi cantly lower annotation effort
compared to 200-350 hours required to annotate keypoints for every single object in the
Pascal3D dataset. We then compute the camera parameters using SfM. We refer to the two
inverse graphics networks trained with different camera initializationsag! nit -model
andSfM -model, respectively.

We quantitatively evaluate two initialization methods in Tabl& We rst compare the
annotation and training times. While it takes the same amount of time to tiawv;

model saves on annotation time. The performancéaf-model andkeypoint -model

are comparable with almost the same 2D 10U re-projection score on the StyleGAN test
set. Moreover, during training the two camera systems converge to the same position.
We evaluate this by converting all the views into quaternions and compare the difference
between the rotation axes and rotation angles. Among all views, the average difference of
the rotation axes is only 1.42&nd the rotation angle is 0.42The maximum difference of

the rotation axes is only 2.9%nd the rotation angle is 1.11

We further qualitatively compare the two methods in Fid.2, showing that they perform

very similarly. Both, qualitative and quantitative comparisons, demonstratetdbgtnit -
camera initialization is suf cient for training accurate inverse graphics networks and no
additional annotation is required. This demonstrates a scaleable way for creating multi-view
datasets with StyleGAN, with roughy a minute of annotation time per class.
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Input Multiple Views for the predicted shape and texture

Figure 5.13:3D Reconstruction Failure CasesWe show examples of failure cases for car, bird and horse. Our method tends to fail to
produce relevant shapes for objects with out-of-distribution shapes (or textures).

Failure Cases We nd that our inverse graphics network fails on out-of-distribution im-
ages/shapes, as shown in Figl3 For example, the reconstruction results for Batmobile
and Flinstone cars are not representative of the input cars. We anticipate that this issue can
be addressed by augmenting the dataset on which StyleGAN is trained with more diverse
objects. Part of the issue is also caused by GANs not capturing the tails of the distribution
well, which is an active area of research.

5.4.3 Lighting & Material Prediction with DIB-R++

Experimental Settings We further apply DIB-R++ to learn to predict advanced lighting and
materials from StyleGAN dataset. We train the inverse graphics models on the car images,
which contain various lighting conditions, ranging from high specular paint to nearly diffuse.
We apply SG shading and jointly predict shapematerial and lighting . Here,

is represented by a sphere topology and we predict 642 vertex movemeamstains a

256 256diffuse texture map and two globalands. containsK = 32 SG bases. To
evaluate the role of the more expressive rendering equations, we also run DIB-R as the
baseline, predicting the same shape and texture but with Spherical Harmonic light on the
same dataset by using the same training procedure.

Results on StyleGAN dataset We qualitatively evaluate DIB-R++ results and compare with
DIB-R in Fig. 5.14 DIB-R++ reconstructs more faithful material and lighting components,
producing an interpretable decomposition. Speci cally, it can represent the dominant light
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Figure 5.14:Results on Real Imagery from the StyleGAN-generated Car Dataseitn Row(1,3), we show DIB-R++ can recover a
meaningful decomposition as opposed to DIB-R (Row(2,4)), as shown by cleaner texture maps and directional highlights (e.g., car
windshield).

direction more accurately, while naive Spherical Harmonic shading from DIB-R tends to
merge re ectance with lighting. More comparisons can be found in %7

Evuluation on LSUN Dataset Since images in Pascal3D dataset are captured from far camera
poses, they are generally of low resolution and contain mostly diffuse appearance. Thus, we
show reconstruction results on real images from LSU8I] in Fig. 5.15 which contains
images with more lighting variations. More comparisons can be found irbFig.

During inference, we do not need any camera pose and predict shapes in canonical view.
However, camera poses are needed to re-render the shape. Since ground-truth camera poses
are not available for real images in LSUN dataset, we manually adjust the camera poses in
Fig.5.15and Fig.5.18 As a result, the re-rendered images are slightly misaligned with GT.
However, DIB-R++ still accounts for specularities and predicts correct predominant lighting
directions and clean textures.

Material Editing and Relighting ~ Finally, we demonstrate some applications of DIB-R++ to
artistic manipulation in Fig5.16 On the left, we show examples of editing the diffuse
albedo, where we can insert text, decals or modify the base tint. Since our textures are
not contaminated by lighting, clean texture maps can be easily edited by hand and the
re-rendered images look natural. On the right, we show examples of editing lighting and
surface materials, where we rotate the light (top) or increase glossiness (bottom). We also
showcase results where we change lighting orientation or modify the object's glossiness
with consistent shading, which is not feasible with a naive, Lambertian-only shading model.
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RGB Input Decomposition Texture map Envmap Pred. albedo Re-renderadlith light)
Pred. albedo + (Specular BRDF & Light)

+ =

Figure 5.15:Prediction on LSUN Dataset (Cars) DIB-R++, trained on StyleGAN dataset, can generalize well to real images. Moreover,
it also predicts correct high specular lighting directions and usable, clean textures.

Figure 5.16:Material Editing . Our method allows for artistic manipulation of appearance, such as novel view synthesis, material editing
(both diffuse and specular components), and relighting, thanks to our effective disentanglement.

5.5 Summary

In this chapter, we introduced a new powerful way to train inverse graphics models. We
propose a state-of-the-art image synthesis approach, generating training data to train in-
verse graphics networks. We showcased our approach to obtain signi cantly higher quality
3D reconstruction results while requiring 10,00Cess annotation effort than standard
datasets. By incorporating with more expressive rendering equations, we can also effec-
tively disentangle material and lighting, enabling applications such as material editing and
relighting.
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Input Decomposition Texture Envmap Pred. albedo Re-rendered (with light)

Figure 5.17: Prediction on Real-world Dataset (Cars) DIB-R++ accounts for high specular light and always have cleaner textures
compared to DIB-R .
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Input Decomposition Texture Envmap Pred. albedo Re-rendered (with light)

Figure 5.18: Prediction on LSUN Dataset (Cars) Our model, trained on StyleGAN dataset, can be well generalized to real images.
Moreover, it also accounts for high specular light and predict correct lighting directions and clean textures.



Chapter 6

Differentiable Structured Light
Triangulation

We consider the problem of designing sequences of structured-light patterns for active stereo
triangulation of a static scene. Unlike existing approaches that use predetermined patterns
and reconstruction algorithms tied to them, we generate patterns on the y in response
to generic speci cations: number of patterns, projector-camera arrangement, workspace
constraints, spatial frequency conteate Our pattern sequences are speci cally optimized

to minimize the expected rate of correspondence errors under those speci cations for
an unknown scene, and are coupled to a sequence-independent algorithm for per-pixel
disparity estimation. We achieve this by introducing a differentiable structured light imaging
formation model and embedding it into learning frameworks. We design patterns from a
machine learning perspective, deriving an objective function to evaluate performance of the
patterns and optimizing patterns to minimize it. We demonstrate automatically optimized
pattern sequences, in under three minutes on a laptop, that can outperform state-of-the-art
triangulation techniques.

6.1 Introduction

A key tenet in structured-light triangulation is that the choice of projection patterns matters
a lot. Over the years, the eld has seen signi cant boosts in performance—in robustness,
3D accuracy, speed and versatility—due to new types of projection patterns, and new vision
algorithms tailored to then?[L5 214]. These advances continue to this day, for improved
robustness to indirect light'fl, 175, 77, 71, 79, 45, 37, 277]; computational ef ciency [ 75

, 55]; high-speed imagingl[26]; outdoor 3D scanning/[s, ]; and for 3D imaging

102
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Figure 6.1: Overview. Top: A projection pattern is a 1D image projected along a projector's rows. A sequence of them de nes a
code matrix, whose columns encode pixel position. We present a framework for computing stereo corresponderamsnaicgde

matrices which we generate on the y. These matrices minimize the expected number of stereo errors that occur when the individual
matrix columns are not very distinctiveeE similar; blue= dissimila). Middle: A whole space of optimal matrices exists, for different
numbers of projection patterns, image signal-to-noise ratio, spatial frequency content (sample patterns shoveiaBoig)m: We

use two automatically-generated four-pattern sequences to compute the depth map of the object shown on left. Both are optimized for a
one-pixel tolerance for stereo errors, without (middle) and with (right) a bounding-box constraint. Both depth maps are unprocessed
(please zoom in).

with specialized computational cameras|], consumer-oriented device$ {4, 57] and
time-of- ight cameras 113 20, , 10.

Underlying all this work is a fundamental question: what are the optimal patterns to use
and what algorithm should process the images they create? This question was originally
posed by Horn and Kiryati twenty years aga] but the answer was deemed intractable

and not pursued. Since then, pattern design has largely been driven by practical considera-
tions [219, , i , 93] and by intuitive concepts borrowed from many eldsd,
communications403, coding theory £14], number theory$01], numerical analysisi[3q,

etc)

In this chapter we present the rst computational approach to optimal design of patterns
for structured light. We focus on the oldest, most accuracy-oriented version of this task:
projecting a sequence of patterns one by one onto a static scene and using a camera to
estimate per-pixel depth by triangulation. We view this problem from a machine learning
perspective, deriving an objective function over the space of pattern sequences that quanti es
the expected number of incorrect stereo correspondences. We introduce a differentiable
structure light triangulation imaging formation model and embed it into learning frameworks
which allows us to optimize patterns by minimizing the objective function using standard
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tools [1L24].

Our optimization takes as input the projector's resolution and the desired number of pro-
jection patterns. In addition to these parameters, however, it can generate patterns that
are precisely optimized for 3D accuracy on the system at hand (Figiixefor the spe-

ci c arrangement of projector and camera; the shape and dimensions of the 3D scanning
volume; the noise properties and peak signal-to-noise ratio of the overall imaging system,;
the defocus properties of the projector lens; a desired upper bound on the patterns’ spatial
frequency; and any unknown scene geometry. Thus, in contrast to prior work, we do not
provide a closed-form expression or “codebook” for a one-size- ts-all pattern sequence; we
give a way to generate scene-independent pattern sequences on the y at near-interactive
rates—Iless than three minutes on a standard laptop—so that the patterns and the associated
reconstruction algorithm can be easily and automatically adapted for best performance. We
call this paradignstructured lighta la carte

At the heart of our approach lies an extremely simple differentiable structured light imaging
formation model, from which we derive a decoding algorithm for computing stereo cor-
respondences independently of projection pattern. It also makes the pattern optimization
problem itself tractable: by giving us a way to quantify the expected errors a pattern se-
guence will cause, it leads to an objective function over sequences that can be optimized
numerically.

From a conceptual point of view our work makes three important contributions over the
state of the art. First and foremost, our optimization-based approach turns structured-light
imaging from a problem o&lgorithm design(for creating patterns?[L5, unwrapping
phases{7, ) , 74], computing correspondencesl![d, handling projector defocu$|

]) into one ofproblem speci cationhow many patterns, what working volume, what
imaging systemetc). The rest is handled automatically by pattern sequence optimization
framework. Second, we demonstrate optimized pattern sequences that can outperform
state-of-the-art encoding schemes on hard cases: low numbers of patterns, geometrically-
complex scenes, low signal-to-noise ratios. These are especially important in settings where
speed and low-power imaging are of the essence. Third, our formulation gives rise to new
families of pattern sequences with unique properties, including (1) sequences designed to
recover approximate, rather than exact, correspondences and (2) sequences designed with
information about free space and stereo geometry already built in. This encodes geometric
scene constraints directly into the optical domain for added reliability—via the patterns
themselves—rather than enforcing them by post-processing less reliable 3D data.
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Figure 6.2: Viewing Geometry. We assume the projector-camera system has been redtegpipolar lines are along rows.

6.2 Optimal Structured Light

Fundamentally, structured-light triangulation requires addressing two basic questions: (1)
what patterns to project onto the scene and (2) how to compute projector-camera stereo
correspondences from the images captured. Specifying a “good” set of projection patterns
can be thought of as solving a one-dimensiguition encodingroblem for pixels on an
epipolar line. Conversely, computing the stereo correspondence of a camera pixel can be
thought of as gosition decodingroblem. We begin by formally de ning both problems,

then talk about how to solve them with a differentiable structured light image formation
model under learning frameworks.

The Code Matrix A set of K projection patterns implicitly assignska-dimensionatode
vectorc, to each pixep on the epipolar line (Figuré.2). The elements aof, are the pixel's
intensity in the individual patterns, they can be non-binary, and must be chosen so that each
code vector is as distinctive as possible. This becomes harder toKialasreases.¢.,

vectors with fewer dimensions are less distinctive) and as the number of pixels incieases (
there are more vectors to be distinguished). We represent the code vectors of an epipolar
line with acode matrixC. This matrix has siz& N for an epipolar line witiN pixels.

Position Decoding Consider a camera pixgl TheK intensities observed at that pixel de ne
aK -dimensional observation vectog. Given this vector and the code matf@ the goal
of position decoding is to infer its corresponding projector ppxel

p = Decodé¢og C) : (6.1)

Note thatp may or may not agree with the true correspondgn(fégure6.2), as nding

accurate correspondence is a dif cult problem because observations are corrupted by mea-
surement noise and because the relation between observation vectors and code vectors can
be highly non-trivial for general scenes.
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observation matrix O code matrix C transport matrix T ambient vector a noise matrix E
0 \ \
= column of
% Oq—» _ Cp—» pixelg + x + €q—
E k-th image || - k-th pattern | TIo: ! aq k-th image noise | |
o L [p: q
M camera pixels N projector pixels ] M camera pixels M camera pixels

M camera pixels

Figure 6.3: Generative Model of Image Formation for a Single Epipolar Line Acrossk Images Each column of matriO is an
observation vector (red) and each row collects the observations from a single image across all pixels on the epipolar line (yellow). All
yellow rows are associated with the same input image and all red columns are associated with the same camefagigely column

and row are associated with the same projector gixel

Position Encoding The code matrixC should be chosen to minimize decoding error. For a
given projector-camera system and a speci ¢ scene, we quantify this error by counting the
incorrect correspondences produced by decoder:

o

Pl
ef 1 Decodéo,;C) Match(g) > (6.2)
=1

Error(C; )

whereMatch(qg) is the true stereo correspondence of image pixelis a tolerance threshold
that permits small correspondence errdr@;is the indicator function; and the summation
is over all pixels on the epipolar line.

We now formulate optimal position encoding as the problem of nding a code m@trix
that minimizes the expected number of incorrect correspondences:

C = argmin E ErrorC; ) (6.3)
C

whereE denotes expectation over a user-speci ed domain of plausible scenes and imaging
conditions. We calC theoptimal code matrixor tolerance .

Key Objective We seek an ef cient solution to the nested optimization problem in(&G).

To do this, we introduce a differentiable structured light image formation model de ned
with the epipolar geometry (Sectidh3). This leads to a correlation-based decoder for
structured-light reconstruction that is nearly optimal in low, Gaussian distributed noise
settings (SectioB.4). Using this decoder, we derive a softmax-based approximation to the
objective function of Eq(6.2). We then embed everything inside learning frameworks and
optimize patterns that minimize the expected number of stereo mismatches ($estion
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6.3 Differentiable Epipolar-Only Imaging Formation Model

In this section, we introduce our differentiable structured light imaging formation model. To
simplify our formal analysis we assume that all light transpoeagolar. Speci cally, we

assume that observation vectors depend only on code vectors on the corresponding epipolar
line. This condition applies to conventionally-acquired images when global light transport,
projector defocus and camera defocus are negligiti@lso applies to all images captured

by an epipolar-only imaging system regardless of scene content—even in the presence of
severe global light transport §0.

When epipolar-only imaging holds and the system has been calibrated radiometrically, the
relation between code vectors and observation vectors is given by (Fgire

h i h [ h [
01 Om = C1 CN T+1 a1 ay *+ E (64)
| —{z—} |—{z—} | —{z—}
observation matrix0 code matrixC ambient vectoa
whereoy;:::;0y are the observation vectors of all pixels on an epipolar lmes

vector of all ones; matrik is the observation noise; addis theN M epipolar transport
matrix. ElementT [p; g of this matrix describes the total ux transported from projector
pixel p to camera pixel by direct surface re ection, global transport, and projector or
camera defocus.

The epipolar-only model of Eq6.4) encodes the geometry and re ectance of the scene as
well as the scene's imaging conditions. Note that although it is very simple, this formula is
differentiable and the gradients from the observa@ow.r.t to the codeC is naturally the

light transport matrice$ . Such differentiability allows us to embed the image formation
model into learning frameworks to optimize the optimal code maribMore importantly,

by adjusting epipolar transport matricés ambient vectorg, and noise matrices, we

can represent various imaging conditions and speci cally optirGiZer them. Next, we
describe the parameter spacélqfa, andE under speci ¢ imaging conditions.

6.3.1 Plausible Parameter Space

Epipolar Transport Matrices ~ Let us rst consider the space of plausible matridesEven
thoughthe space ™ M matrices is extremely large, the matrices relevant to structured-
light imaging belong to a much smaller space. This is because the elemé@ntssgbciated

with indirect light generally have far smaller magnitude than direct elements—and can thus
be ignored 19(]. This in turn makes the observation matéxvery ef cient to compute. In

1see Figures.8for experiments with scenes with signi cant indirect light, where this condition does not strictly hold.
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¥ geometry matrix G geometry matrix G

0 0

projector camera
() (b) ()

Figure 6.4: Geometric Constraints (a) Top view of the epipolar plane. (B) is always lower triangular because the 3D rays of all other
elements intersect behind the cameraT(&)non-zero elements are restricted even further by knowledge of the working votugne (
black square in (a)): its depth range (red) and its angular extent from the projector (green) and the camera (blue) de ne Tegions in
whose intersection contains all valid correspondences.

particular, we consider imaging conditions for the following two families:

(A) Direct-only T, unconstrained: The non-zero elements @f represent direct surface

re ections and each camera pixel receives light from at most one projector pixel. It follows
that each column of contains at most one non-zero element. Moreover, the location of
that element is a true stereo correspondence. The observation vector is therefore a noisy
scaled-and-shifted code vector:

0qg = T[p;q cp + a4 + € (6.5)

where vector, denotes noise. We assume that the location of the non-zero element in

uniform i.i.d random variable ovg®; 1]. This amounts to being completely agnostic about
the location and magnitude @f's non-zero elements.

(B) Direct-onlyT with geometry constraintsWe now restrict the above family to exclude
geometrically-implausible stereo correspondences. These are elemé&nigholse asso-
ciated 3D rays either intersect behind the image plane or outside a user-speci ed working
volume (Figure5.4a). We specify these invalid elements with a binary indicator m&rix
(Figure6.4b, 6.4c). Given this matrix, we assume that the location of the non-zero element
in each column oT is drawn uniformly from the column'’s valid elements.

Observation Noise and Ambient Vector The optimality of our position decoder (Secti6r)

relies on noise being signal independent and normally distributed. The position encoder
of Section6.5, on the other hand, can accommodate any model of sensor noise as long as
its parameters are known. We assume that the elements of the ambientaviatkow a
uniform distribution ovef0; amax], Whereanay is the maximum contribution of ambient

light expressed as a fraction of the maximum pixel intensity.



6.4. OPTIMAL POSITION DECODING 109

= Decodg(q)

% pixels with

Match (q)

-MPS
-ZNCC
---MPS5-MPS . ---XOR-XOR
01 -ZNCC .| 0.1 —XOR-ZNCC
- - --GRAY-GRAY
-ZNCC ——GRAY-ZNCC

4 8 16 32 64 96 25

max frequencyR ) PSNR (dB)
Figure 6.5: ZNCC v.s. Native Decoding Left: We projectK micro phase shifting (MPS) patterns/] of maximum frequency onto a
known planar target and compute correspondence errors using our ZNCC decoder (red) and the one by the MPS auth&ig(ibidck).
similar comparison for 10 Gray codes (purple) and 10 XOR-04 codes (green), projected along with their binary complement. We used the

binarization technique in?[L9 for “native” decoding. Since these codes have no frequency bound we plot them against image PSNR. In
all cases, ZNCC decoding yields comparable results.

6.4 Optimal Position Decoding

Now we talk about our decoder derived from the epipolar-only image formation model.
Suppose we are given a code matdxand an observation vectoy that conforms to

Eq. (6.4). Our task is to identify the stereo correspondence of ix&l/e seek a generic
solution to this problem that does not impose constraints on the contents of the code matrix:
it can contain code vectors de nedpriori—such as MPS/{4] or XOR [77] codes—or be a
general matrix computed automatically through optimization.

Fortunately, from the differentiable imaging formation model, we derive an extremely
simple and near-optimal algorithm to do this: just compute the zero-mean normalized
cross-correlation (ZNCC)1[54] betweeno, and the code vectors, and choose the one that
maximizes it. This algorithm becomes optimal as noise goes to zero and belongs to Gaussian
distribution:?

Recall the differentiable image formation model in S@& To be simple, we derive it
from the pixelwise image formation model (H§.5)). Assume the true correspondence of
camera pixefj is projector columrp, we rst compute the mean value of the observation
vectoroq and code vectot,:

mear{og) = T[p;q mearfc,) + a5 + mearfey) : (6.6)

Here,mearf) is over the elements of a code vecfofp;  anda, are scalars, so they will

27ZNCC is a direct generalization of the widely known correlation-based decoder for communication channels corrupted by additive
white Gaussian noisepJ.
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not change. Simply minus E¢f.5) with Eq. (6.6), we immediately get rid of the ambient
term:

0, mearo) = Tlpid (c, mearc,) + e mearey) :  (6.7)

When the noise is in Gaussian distribution and it goes to agro,mearfe,) also goes to
zero. It indicates that iff andp are true correspondence, the normalized correlation between
0o, mearf{oy) andc, mearfc,) should be close to one. Therefore, given an observation
vectoroy and code matriXC, we propose to use ZNCC to evaluate the probability of
correspondence matching betwegrand each code vectog, then pick up the maximum
one:

04y Mmear{o,) Cp, Mmearfcy)
ko, mearfog)k kc, mear{cp)k

ZNCQoq; Cp) = (6.8)

Decodégogy; C) = argmax ZNCQoq; Cp) : (6.9)
1 p N

The proposed ZNCC decoder has two important implications. First, as a sequence-independent
decoder, ZNCC performs comparable or even better than those speci cally designed ones
(Figure6.5). It suggests that there is potentially no accuracy advantage to be gained by
designing decoding algorithms tailor-made for speci ¢ codleSecond, it allows us to
transform the nested position-encoding optimization of(Ec) into a conventional non-

linear optimization. This opens the door to automatic generation of optimized code matrices,
discussed next.

6.5 Optimal Position Encoding

With the differentiable imaging formation model and the derived sequence-independent
position decoder, now we can embed them inside learning frameworks to automatically
optimize patterns for the chosen imaging conditions. We begin by developing a continuous
approximation to the functiokrror) in Eg.(6.2). This function counts the decoding errors
that occur when a given code matfixis applied to a speci ¢ scene and imaging condition,
i.e., a speci c transport matriX , observation nois&, and ambient vecta. To evaluate

the position-encoding objective function on mai@ixwe draws fair samples over , E

3strictly speaking this applies to decoders that estimate depth at each pixel independently. Note that ZNCC decoding does incur a
computational penalty: it requir€3(N ) operations versu® (K ) of most specialized decoders.
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anda:

X
E ErrorC; ) =(1=9 Erro(T;E;a;C; ) : (6.10)

T;E;a

Softmax Approximation of Decoding Errors  Consider a binary variable that tells us whether or
not the optimal decoder matched camera pixi a projector pixep. We approximate this
variable by a continuous softamx function using Hgsl2-(6.13: Equation(6.12) states
that in order for projector pixgh to be matched tg, the ZNCC score op's code vector
must be greater than all others. E6.13) approximates the indicator variable with softmax
function. It also introduces a softmax ratipas the scalar goes to in nity, the ratio tends
to 1if pixel p's ZNCC score is the largest and tend<totherwise:

1 jDecodg¢oy;C) pj=0 (6.11)
= 1 argmaxZNCQog; /) = q (6.12)
1r N

exp  ZNCQog; cp)

5) (6.13)

=l

N.exp  ZNCQogCr)
Lt (Cioqp) : (6.14)

To count all correct matches on an epipolar line, we evaluate the softmax value at the true
stereo match of every pixel and then compute their sum. Using the notation in(EdL4):

X
Correct{T ;E;a;C) = f (C;0q4 Match(q)) : (6.15)
=1
Finally, incorporating the tolerance parametéo permit small errors in stereo correspon-
dences we get:

X
Correc{T ;E;a;C; ) = f (C;0q; Match(q) + r) (6.16)
o=1 r=

Erro(T;E;a;C; ) = M Correc{T ;E;a;C; ) : (6.17)

Forward and Backward Steps Now we can combine the differentiable image formation model,
the ZNCC decoder and the objective function together, optimizing patterns with gradients
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descent algorithms. The optimization procedure contains forward and backward steps,
where the former evaluate the performance of the patterns while the latter update the patterns
to minimize the error. Speci cally, in the forward process, given a randomized €ode

we sample the light transport matric€s*, observation nois&€, and ambient vectoa

to synthesize the observation matfixvia the image formation model(E¢6.4)). We

then decode the position and calculate the error with the de ned error matri¢ggEg)).
Conversely, in the backward process, thanks to all the differentiable operations, we compute
the gradients of the patterns and update them to minimize the error. During updating, we
constrain the patterns by user-de ned frequency and vakigs,setting the maximum
frequency as 16 and the value rang¢Qri]. We repeat the loop until it converges.

Sampling Scenes and Imaging Conditions Constructing fair samples of the observation noise
E and ambient vectaa is straightforward and omitted. To construct a direct-only matrix
whose geometric constraints are a maGixwe proceed as follows. We rst randomly
assign a valid stereo correspondence to each camera pixel accor@nd tos speci es

the location of the single non-zero element in each columh @Figure6.3). We then
assign a random valueto each of those elements independently. The result is a valid
direct-only transport matrix,e., a sample from family (B) in Sectiof.4. Note such an
image formation model is done in simulation. We investigate how to optimize the real-world
projector-camera systems in next chapter.

Optimization Settings We use the Adam optimizer.P4] to perform stochastic gradient
descent on the objective function in £§.10 with a xed learning rate oD:01 The user-
speci ed parameters are (1) the number of projector pikEl$2) the number of camera
pixelsM ; (3) the number of projection patterKs, (4) the desired tolerance parameter
and (5) the geometric constraint mat@x The result of the optimization is a code matrix
C.

We initialize the optimization with a randok N code matrixC and draw a total of

S = 500 sampleqT;E;a) at iteration 1 to de ne the objective function of E(5.10.

These samples act as a “validation set” and remain xed until convergence. For gradient
calculations we use a minibatch containing two new randomly-drawn samples per iteration.
Optimization converges in around 250 iterations (152 seconds on an 8-core 2.3GHz Mac-
Book Pro laptop for a six-pattern matrix). We found that increasing the number of samples
had no appreciable effect on the quality®@f (i.e., the number of decoding errors on other
randomly-generated scenes and imaging conditions). What does make a big difference,

4Recall that we us& to denote light transport matrices with geometric constraints.
5The random value is drawn from albedo distributions, which we set it as uniform distributiofOotgr
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Figure 6.6: A Walk in the Space of Optimal Codes To better visualize code structure, the pairwise scaiGC(c;; ¢j ) of code
vectors are shown as a jet-color-mapped matteep red= 1 ; deep blue=  1). These can be treated as a confusion matiew 1:

We set the maximum spatial frequency of the patterrstat and the image PSNR to be maximal for our imaging conditions (frame
rate=50Hz , camera gain%, known read noise, pixel intensity that spans the full intef®al]). We then compute the optimal code matrix

for our 608-pixel projector for different numbers of patterns and no other constraRais. 2: \We then choos& =4 (outlined in red in

Row 1) and compute optimal matrices for different bounds on the maximum spatial frequency, with everything else xed aR@bove.

3: We now set the frequency to 8 (outlined in red in Row 2) and compute optimal matrices for different values of pixeli@Shie (
maximum image intensity gets increasingly smaller), again with everything else xed as &mws.4 and 5We follow the exact same
process for different lower bounds on disparite.( the maximum scene depth is increasingly being restricted), and different tolerances in
correspondence error.

however, is the value of the softmax multiplier there is signi cant degradation in quality
for < 300 but increasing it beyond that value has little effect. We use300 for all
results shown. See Set6for more details.

Advanced Sensor Noise Modeling Although the ZNCC decoder is optimal only for additive
Gaussian noise, the objective function in qL0 can incorporate any sensor noise model:
we simply draw samples d& from the camera’s noise distribution. We found that this
improves the real-world performance of the optimized codes. (6&8fr more details.

6.6 Experiments

The Space of Optimal Code Matrices Figure6.6shows several code matrices generated by our
optimizer. Itis clear by inspection that the codes exhibit a very diverse structure that adapts
signi cantly in response to user speci cations. Increasing the frequency content (Row 2)
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produces confusion matrices with much less structure—as one would intuitively expect
from vectors that are more distinctive. Interestingly, codes adapted to lower peak signal-to-
noise ratio (PSNR) conditions have confusion matrices with coarser structure. We did not,
however, observe an appreciable difference in the real-world performance of those matrices.
Row 3 of Figure6.6illustrates the codes' adaptation to geometric constraints. Speci cally,
only points on the plane at in nity can hai@ecod€g)= qand for 3D points that are closer, a
camera pixel can only be matched to a projector pixel on its right (Figuty. Comparing

the code matrix for an unrestrictdd (red box on Row 3) to that of a lower-triangular

(rst column in Row 4) one sees signi cant re-organization in the confusion matrix; the
optimization effectively “focuses” the codes' discriminability to only those code vectors that
yield valid 3D points. On the other hand, code matrices that compute approximate, rather
than exact correspondences, exhibit coarser structure in their confusion matrix (Row 4).

Experimental System We further validate the optimized patterns with real devices. We
acquired all images &0Hz and8 bits with a1280 1024monochrome camera supplied

by IDS (model IDS UI-3240CP-M), tted with a Lensation F/1.6 lens (model CVM0411).
For pattern projection we used a 100-lumen DLP projector by Keynote Photonics (model
LC3000) with a native resolution 808 684and only the red LED turned on. We disabled
gamma correction, veri ed the system's linear radiometric response, and measured the
sensor's photon transfer curve. This made it possible to get a precise measure of PSNR
independently for each pixel on the target. We experimented with three different models of
pixel noise for our position-encoding optimization: (1) additive Gaussian, (2) Poisson shot
noise with additive read noise, and (3) exponential ncise][with additive read noise.

Ground Truth ~ We printed a random noise pattern of bounded frequency onto a white sheet
of paper and placed it on a planar targ@m away from the stereo pair (Figufe?,
bottom row, third column). We used two different pattern sequences to obtain “ground-truth”
disparity mapsl160conventional phase-shifted patterns (10 shifts of 16 sinusoidal patterns,
with frequencies 1 through 16) ai2® XOR patterns (including the complement codes). We
adjusted the aperture so that the maximum image intensity was 200 for a white projection
pattern (.e., a high-PSNR regime at the brightest pixels) and focused the lens on the target.
We decode the captured images by ZNCC decoding to assign a depth to each pixel and
further validate the depth consistency between two codesOPaof pixels the disparities

were identical in the two maps; the rest differed by disparity. Thus, correctness above
97%against these maps is not signi cant. We optimize all of our code matrices for these
high-PSNR conditions with the exponential-plus-read-noise model.
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Figure 6.7: Quantitative Evaluation. Top row and rst two columns of bottom rovEach data point represents three independent
acquisitions with the same pattern sequence (x-axis is frequency). Error bars indicate the smallest and largest fraction of correct
correspondences in those runs. We used0 for optimization in the top row and = 1 in the bottom. Solid lines show results

when no geometry constraints are imposed on code optimization and on decoding. Dashed lines show what happens when we use a
depth-constrained geometry matfix (Figure6.4c). For EPS and MPS, the constraint is used only for decodimgyve search among

the valid correspondences for the one that maximizes the ZNCC score. Our codes, on the other hand, are optimized for that constraint and
decoded with it as welBottom row, right: RMSE plots.

Quantitative Evaluation ~We focus here on the most challenging cases: very small number

of patterns and low PSNR. To evaluate low-PSNR performance, we reduced the aperture
so that the brightest pixel intensity under a white projection patte#f,iand counted the

pixels whose correspondences are withof the ground truth. Figuré.7 compares our
optimized code matrices against those of MPS and EPS, using the same ZNCC decoder for
all codes. Several observations can be made from these results. First, our code matrices
outperform MPS and EPS—which represent the current state of the art—in all cases shown.
This performance gap, however, shrinks for larger numbers of patterns. Second, our codes
perform signi cantly better than EPS and MPS at higher spatial frequencies. This is despite
the fact that those coding schemes were speci cally designed to produce high-frequency
patterns. It is also worth noting that the performance degradation of MPS and EPS at high
frequencies cannot be explained by camera defocus because the camera’'s aperture was
small in these experimentsd,, large depth of eld). Third, geometric constraints confer

a major performance advantage to all codes at low pattern counts. The gain, however, is
higher for our codes since they are optimized precisely for them. Fourth, code matrices that
are geometry-constrained and optimized for a small error tolerance tend to produce low
root-mean-squared errors (RMSE) for most frequencies.

Qualitative Results Reconstructions of several objects are shown in Figuréusing four
patterns) and Figuré.8 (using ve and six patterns). The comparison in Fig@réindicates
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Figure 6.8: Qualitative Comparisons We acquired depth maps for the scenes on the left using three methods, with the same ZNCC
decoder and the same triangular geometry m&ri¢Figure6.4b). For each method, we reconstructed the scenes for several maximum
frequencies in the randé; 32] and show depth maps for each method's best-performing frequ&apyrow: Reconstructing a dark,
varnished and sculpted wooden trunk with ve patterdsddle row: Reconstructing a scene with signi cant indirect transport (a bowl,
candle, and convex wedge) using conventional imaging and six pat@wottem row:Depth map acquired with many more patterns,

along with cross-sections of the above depth maps (blue points) and a histogram of disparity errors (please zoom in to the electronic copy).
For reference, we include the cross-sections of depth maps acquired using epipolar-only imadingt the exact same patterns (green

points), as well as of “ground truth” depth maps acquired with 160 shifted cosine patterns of frequencies 16 to 31 using epipolar-only
imaging (red points).

that computing geometry-constrained codes has a clear effect on the quality of the results—a
trend observed in our quantitative comparisons as well. In Figuee speci cally chose

to reconstruct a dark scene as well as a scene with signi cant indirect light to compare
performance under low-PSNR conditions and general light transport. We observe that our
depth maps have signi cantly fewer outliers than EPS and MPS and are less in uenced by
depth discontinuities. Moreover, despite not being speci cally optimized for indirect light,

we obtain better depth maps there as well.

6.6.1 Ablation Study

Optimization Hyper-parameters  Two hyper-parameters require tuning in our framework: (1)
the multiplier in the softmax approximation of E§.13 and (2) the mini-batch size for
performing stochastic gradient descent. Figaufeshows the effect of these two parameters
in optimizing a code matrix withl patterns and maximum frequendg, without any
geometry constraints.

As can be seen from Figue9(left), when the multiplier decreases, the softmax approxi-
mation of the objective function is less accurate. As a result, the optimization does not lead
to a good local minimum. On the other hand, increasing the multiplier bego@does

not have any noticeable impact on minimizing the objective function. Thus, to avoid any
oating-point arithmetic issues and to have more stable gradients, we pickegDO0 for
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Figure 6.9:Hyper-parameter Tuning. We show validation error (0800 xed random samples) over iterations in optimization of a
sample code matrix of patterns an®08 pixels with maximum frequency6.

all of our code optimizations.

To perform the gradient descent, in each iteration we draw random samgle€ofinda,

where each sample includes all the valid camera pixels. It can be seen from Eigfrrght)

that increasing the sample size does not affect the attained minimum of the objective function
over the pre-drawn validation set. Therefore, to speed up the optimization process we used
2-sample mini-batches for all our code optimizations.

To gain some intuition about why the mini-batch size does not affect the results, consider the
following. Since in each iteration we draw new sampled ok, anda, we are essentially
training on an in nite-sized dataset, which helps avoid over tting. As a result, even small
mini-batch sizes can still converge to good local minima.

Together, the fast convergence rate of our optimization—less than 250 iterations—and the
ability to use very small mini-batch sizes for gradient computation, allow us to optimize
code matrices at near-interactive rates.

Sensor Noise Lastly, we performed a new experiment of reconstructing the object with
patterns optimized for different camera noise models, and comparing the depth maps to each
other. Figures.10shows 3D acquisition results using codes that were optimized for three
different noise models. Of the three, the exponential-plus-additive-Gaussian model is the
most pessimistic about the effect of signal-dependent noise: unlike Poisson shot noise whose
variance increases linearly with the signal, noise variance in the exponential model increases
guadratically with the signal. Nevertheless, despite the very signi cant difference between
the three noise models, reconstruction results for all three noise-optimized codes were very
similar. While the Poisson-plus-additive-Gaussian codes yielded error histograms which
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Figure 6.10: Code Performance as a Function of Camera Noise ModeEach column is patterns optimized under a speci c noise
model, while each row is a speci c pattern setting. We showréve depth maps in top left and the confusion matrix in the middle

right. To assess it quantitatively, we also compare 2D slices of the reconstructed 3D pointset against those computed by the ground-truth
sequence, and show the histogram of differences in the computed and ground-truth disparities in the bottom part. Please zoom into the
electronic copy for details.

were marginally better for four patterns—as would be expected from a model that captures
the actual noise statistics of a conventional CMOS sensor under incoherent illumination—the
effect is relatively small. We decided to x the model to exponential-plus-additive-Gaussian
for all subsequent code optimizations.

6.7 Summary

We believe this is just a small rst step in designing optimized codes for structured light.
The speci ¢ imaging regime we chose to study—small numbers of patterns, low-PSNR
conditions—Ileaves a lot of room for further exploration. On the high-accuracy end of the
spectrum, the ability to quickly optimize patterns after an initial 3D scan could lead the way
to new adaptive 3D scanning techniqu&st, 74].

Although derived from differentiable imaging formation model, our position-encoding objec-
tive function can be viewed as an extremely simple one-layer neural network. Understanding
how to best exploit the power of deeper architectures for active triangulation is an exciting
direction for future work, which we further explore in next chapter.



Chapter 7

Optimizing llluminations for Active
Imaging Systems with Optical Stochastic
Gradient Descent

We consider the problem of optimizing the performance of an active imaging system by
automatically discovering the illuminations it should use, and the way to decode them. Our
approach tackles two seemingly incompatible goals: (1) “tuning” the illuminations and
decoding algorithm precisely to the devices at hand—to their optical transfer functions,
non-linearities, spectral responses, image processing pipelines—and (2) doing so without
modeling or calibrating the system; without modeling the scenes of interest; and without
prior training data. The key idea is to formulate a stochastic gradient descent (SGD)
optimization procedure that puts the actual system in the loop: projecting patterns, capturing
images, and calculating the gradient of expected reconstruction error. We apply this idea to
structured-light triangulation to “auto-tune” several devices—from smartphones and laser
projectors to advanced computational cameras. Our experiments show that despite being
model-free and automatic, optical SGD can boost system 3D accuracy substantially over
state-of-the-art coding schemes.

7.1 Introduction

Fast and accurate structured-light imaging on your desk—or in the palm of your hand—has
been getting ever closer to reality over the last two decadg<[ 9, , 57]. Already, the

high pixel counts of today's smartphones and home-theater projectors theoretically allow 3D
accuracies of 100 microns or less. Similar advances are occurring in the domain of time-of-

119
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1am

§ O-tolerance ¥ O-tolerance 4 1-tolerance

avg spectrum avg spectrum avg spectrum
of patterns of patterns of patterns

Figure 7.1: Top: Optimal structured light with smartphone$§Ve placed a randomly-colored board in front of an Optoma 4K projector
and a Huawei P9 phone, let them auto-tune for ve color-stripe patterns afddttierance penalty (Table 1), and used the resulting
patterns (middle) to reconstruct a scene (indéiyldle & Bottom: Auto-tuning systems fa@rpatterns on various imaging systeniote

the patterns' distinct spatial structure and frequency content, especially for Episcangdvhich employs a scanning-laser projector.

ight (ToF) imaging as well, with inexpensive continuous-wave ToF sensors, programmable
lasers, and spatial modulators becoming increasingly availabie 70, 8, 113, i ,

) , 87]. Unfortunately, despite the wide availability of all these devices, achieving
optimal performance with a given hardware system is still an open problem whose theoretical
underpinnings have only recently attracted attentian [ S, . 75, 94, , 10)].

To address this challenge, we introdugtical SGD a computational imaging technique that
learns on the y (1) a sequence of optimized illuminations for multi-shot depth acquisition
with a given system, and (2) an optimized reconstruction function for depth map estimation.
Optical SGD achieves this by controlling in real-time the system it is optimizing, and
capturing images with it. The only inputs to the optimization are the number of shots and a
function to penalize depth error at a pixel.

To prepare a system for optical SGD, we adjust its settings for the desired imaging conditions
(e.g, exposure time, light source brightnest;) and place a randomly-textured “training
board” inits eld of view (Figure7.1). The process runs automatically after that, minimizing

a rigorously-derived estimate of the expected reconstruction error for the system at hand.
Optical SGD requires no radiometric or geometric calibration; no manual initialization; no
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prior training data; and most importantly, no precise image formation model for the system
or the scenes of interest.

The key idea behind our approach is to push the hardest computations in this optimization—
i.e., calculating derivatives that depend on an accurate model of the system—efatitiad
domain where they are easy to do (Figufe). Intuitively, optical SGD treats the imaging
system as a perfect “end-to-end model” of itself—with realistic noise and optical imperfec-
tions all included.

Using this idea as a starting point, we develop an optimization procedure that runs partly
in the numerical and partly in the optical domain. It begins with a random skt of
illuminations; uses them to illuminate the training board; captures real images to estimate
the gradient of the expected reconstruction error; and updates its illuminations by stochastic
gradient descenft P4, 244. Applying this procedure to a given system requires (1) a way

to repeatedly acquire higher-accuracy (but still noisy) depth maps of the training board, and
(2) programmable light sources that allow small adjustments to their illumination.

At a conceptual level, optical SGD is related to three lines of recent work. First, the end-to-
end optimization of computational imaging systems is becoming increasingly popuiar [

, 31, , , 248. These methods train deep neural networks and require precise models
of the system or extensive training data, whereas our approach needs neither. Second, the
principle of replacing “hard” numerical computations with “easy” optical ones goes back
several decades to the eld of optical computing,[67, 133. It has been revived recently
for calculations such as optical correlatici¥]], hyperspectral imaging?[.7] and light
transport analysisipB9 but we are not aware of any attempts to implement SGD in the
optical domain, as we do. Third, optical SGD can also be thought of as training a small,
shallow neural network with a problem-speci c loss; noisy labéls P86, 273 and noisy
gradients [83; and with training and data-augmentation strategies/,[ 85] that are
implemented partly in the optical domain.

We believe our work represents the rst attempt to reduce illumination coding—a hard
problem with a rich historyd4, 215 , ., 79,77, 74, , 71, 37, : , 207,

]—to an online procedure akin to self-calibration!], 143. In addition to this basic
contribution, we introduce two important new elements to the optimization of structured-
light triangulation systems: neighborhood decoding and neural network decoding. The
former generalizes the recently-proposed ZNCC decodgi fo take into account a tiny
neighborhood at each pixe3 ( 1 or5 1). This seemingly straightforward extension more
than doubles per-pixel disparity accuracy in our tests, highlighting the hitherto unnoticed
role the decoder can play in per-pixel depth estimation. On the other side, we change the
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Tl. illuminate & capture l T 2. adjust & capture l
control vector  image control vector ] image
c img(c; S) c+ ha img(c + ha;S)

3. differentiate

‘ Daimg(c;S) [img(c + ha;S) img(c;S)]=h

Figure 7.2: Algorithm lllustration . Differentiable imaging systems allow us to “probe” their behavior by differentiating them in the
optical domainj.e., by repeatedly adjusting their control vector, taking images, and computing image differences. Projector-camera
systems, as shown above, are one example of a differentiable system where projection patterns play the role of control vectors. Many
other combinations of programmable sources and sensors have this property’(Tgable

xed ZNCC decoder to a learnable decoder by inserting a 2-layer neural network and convert
the raw intensity to high-dimension feature. We nd that the decoding accuracy can be
further improved when applying ZNCC in feature space.

We rst develop our approach in the context of more general 3D imaging systems, and focus
speci cally on structured-light triangulation in Sectigm.

7.2 Differentiable Imaging Systems

Many devices available today allow us to control image formation in an extremely ne-
grained—almost continuous—manner: off-the-shelf projectors can adjust a scene's illumi-
nation at the resolution of individual gray levels of a single projector pixel; spatial light
modulators can do likewise for phase’[] or polarization [L 76]; programmable laser drivers

can smoothly control the temporal waveform of a laser at sub-microsecond scaigs [

and sensors with coded-exposuré |, , 189 or correlation |5, 88, 117] capabilities

can adjust their spatio-temporal responses at pixel and microsecond scales.

Our focus is on the optimization of programmable imaging systems that rely on such devices
for ne-grained control of illumination and sensing. In particular, we restrict our attention to
systems that approximate the idealized notion diferentiable imaging systenmntuitively,
differentiable imaging systems have the property that a small adjustment to their settings
will cause a small, predictable change to the image they output (Figire

De nition 1 (Differentiable Imaging System) An imaging system is differentiable if the
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following two conditions hold:
* the behavior of its sources, sensors, and/or optics during the exposure time is governed
by a singleN -dimensional vector, called@ntrol vector that takes continuous values;
« for a stationary scen®, the directional derivatives of the image with respect to the
system's control vector,e.,

D.img(c;S) &' lim_

img(c + ha,S) img(c;S)

. (7.1)

are well de ned for any control vectar and unit-length adjustmeat whereimg(c; S)
is the noise-less image.

As we will see in Sectionn.3, differentiable imaging systems open the possibilitppfical
SGD—iteratively adjusting their behavior in real time via optical-domain differentiation—to
optimize performance on a given task.

The speci c task we consider in this chapter is depth imaging. More formally, we seek a
solution to the following general optimization problem:

De nition 2 (System Optimization for Depth Imaging) Given

« adifferentiable imaging systethat outputs a noisy intensity imagein response to a
control vectorcy;

 adifferentiable decodethat estimates a depth mapfrom a sequence df 1
images acquired with control vectars; :: :; Ck :

d = redis;cy;iitiikicks ) (7.2)

where is a vector of additional tunable parameters; and
 apixel-wise penalty function() that penalizes differences between the estimated depth
mapd and the ground-truth depth map

compute the settings that minimize expected reconstruction error:

hd
;006" =argmin Egeenes noise  (d[m]  g[m]) (7.3)
C1;75Ck m=1

where the indexn ranges over image pixels and expectation is taken over noise and a space
of plausible scenes.

Different combinations of light source, sensor, decoder and penalty function lead to different

1Here, we speci cally de ne differentiable imaging system for the active imaging systemthe structured light system.
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Light source Camera sensor Decoder
yDMD projector [L26]  yGrayscale ymax-ZNCC [L77]
yLaser projector[387  yRGB lter ymax-ZNCG, (Sec.7.4)
LCoS projector {7] yCoded-exposure’B7]  ymax-ZNCG, -NN (Sec.7.4)
Projector array 139 Correlation ToF [5] deep neural net{5]
MHz laser [L13 ToF sensor array{27]
MHz laser + DMD [18 Light eld [ 139
MHz laser array 45
y -tolerance 77 Lo [94] yLa[79] M-estimator pP97]
n X 0 X 0 X 0 X

Table 7.1: Devices and penalty functions compatible with our framewandicates the choices we validate experimentally.

instances of the system optimization problem (Tablg. Correlation time-of- ight (ToF)
systems, for example, captuke 3 images of a scene, and vectass: : : ;cx control

their associated laser modulation and pixel demodulation functicis.[ 3. In active
triangulation systems that rely ¢ images to compute depth, the control vectors are simply
the projection patterns (Figuie2). In both cases, the decoder mapskhebservations at

each pixel to a depth (or stereo disparity) value. The common penalty function choices could
be -tolerancei 77, L,[94], L.[74], and M-estimator?97. Each optimizes reconstruction
error under different metric. For instancéglerance tries to minimize correspondence error
less than while L; minimizes average correspondence error. In the following we use a
vector-valued functiorerr(d; g) to collect all pixel-wise penalties into a single vector:

er(d;g)im] = (d[m] g[m]) : (7.4)

7.3 Optical SGD Framework

Suppose for a moment that we haveeafectforward model for the image formation process,
i.e., we have a perfect model for (1) the system’s light sources, optics, and sensors, (2) the
scenes to be imaged, and (3) the light transport between them.

In that case, the widespread success of optimization techniques such as Stochastic Gradient
Descent (SGD)409, 246, 124 suggest a way to minimize our system-optimization objective
numerically: approximate it by a sum of reconstruction errors for a large set of fairly-drawn,
synthetic training scenes, and for realistic noise; nd a way to ef ciently evaluate its gradient

Model-driven Optimization by Numerical SGD ~ Approximating the expectation in Eq7.3)
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Numerical SGD: Optical SGD:

Input: scene generator, noise generaténput: < none>
evaluator oimg(c; S); J(c; S)

Output: optimal ;c1;:::; Ck Output: optimal ;c1;:::; ck
initialize with random ;c1;:::; ck initialize with random ;cy;:::; ck

‘ generate scen&';:::; ST ‘ | position in front of system a sceSe
while not convergedio while not convergedio

| choose random mini-batch of scer{es choose random mini-batch of image roys
compute their ground-truth depth mgp

for each scen& in mini-batchdo

for each control vectocy do for each control vectocy do
synthesize imageyx by evaluat- supply control vectocy to system|
ingimg(ck ; S) & adding noise capture image & store it in
estimated fromiq;:::; ik estimated fromiy;:::; ik
evaluateerr(d ; g) evaluateerr(d ; g) on mini-batch
evaluate err(d;g) evaluate err(d; g) on mini-batch
for all k, evaluater ¢, err(d; g) for all k, computeJ (ck; S) optically &
use it to evaluate ¢, err(d; g)
evaluate total gradient using EG.9) evaluate total gradient using E@.9)
update + i Ck Ck+ Ck update + i Ck Ck+ Ck
apply constraintsto; cy;:::; Ck apply constraints to; c1;:::; Ck
return ;cp;:ii; Ck return  ;cq;iii; Ck

Figure 7.3: Numerical vs. Optical-domain Implementation of SGD, with Red Boxes Highlighting Their Differences

with a sum we get:

X 1 X -
Escenes, noise (d [m] g [m]) ? kerr(d g )kl (7'5)
m=1 t=1
wherek:k; denotes thé& ; norm of a vector and!; g' are the reconstructed shape and ground-
truth shape for the-th training sample, respectively. Each training sample consists of a scene
St and the noise present in the imaggs: :;ix acquired for that scene. Figure3 (left)
outlines the basic steps of the resulting numerical SGD procedure.

Optical Computation of the Image Jacobian What if we do not have enough information about
the imaging system and its noise properties to reproduce them exactly, or if the forward
image formation model is too complex or expensive to simulate? Fortunately, differentiable
imaging systems allow us to overcome these limitations by implementing the dif cult
gradient calculations directly in the optical domain.
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of vectorerr(d!; g'):

_ @rr@ec
rerr = @ec @ (7.6)
_ @rr@ec @rr @ec @
"ofT= Gec@. ~ @ec @ @ -
@rr@ec+ @rr@ec @mg (7.8)

@ec@c @ec@ @ c=g
| —(z==2}
image Jacobiad(c; S) for cx andSt

with points of evaluation omitted for brevity. E(/.9) is obtained by approximating with
its noise-less counterpart. Of all the individual terms in EG<)-(7.8), only one depends
on a precise model of the system and sceneirttage Jacobiald(c;S).

For a system that captures Bhpixel image in response to &h-element control vector,
J(c;S) isanM N matrix. Intuitively, elemen{m; n] of this matrix tells us how the
intensity of image pixein will change if elemenh of the control vector is adjusted by an

in nitesimal amount. As such, it is related to the system's directional image derivatives
(Eq. (7.1) by a matrix-vector product:

Daimg(c;S) = J(c;S) a (7.9)

It follows that if we have physical access to both a differential imaging system and a scene
S, we can compute individual columns of this matrix without having any computational
model of the system or the scene. All we need is to implement a discrete version(Gf 8.

in the optical domain, as illustrated in Fig.2 with a projector-camera system. This leads to
the following “optical subroutine:”

Optical-domain computation of n-th column of J(c; S)

Input: control vectorc, adjustment magnitude

Output: noisy estimate of the column

step 0: position scen& in front of system

step 1:set control vector t@ and capture noisy image

step 2: set control vector t@ + ha, wherea is the unit vector along dimensiomn and capture new imagé

step 3:return(i® i)=h

step 4: (optional) repeat steps 1 & 2 to get multiple samples afidi® & return the empirical distribution
of (i° i)=h

Optical SGD The above subroutine makes it possible to turn numerical SGD—which
depends on system and scene models—into an optical algorithm that is model free. To do
this, we replace with image-capture operations all steps in Figrfeft) that require
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Figure 7.4: Decoder forK -pattern Triangulation .

modeling of systems and scerfes.

Practical implementations of optical SGD face three challenges: (1) a closed-form expression
must be derived for a scene's expected reconstruction errof (EJ) in order to evaluate

its gradient, (2) imaging a large set of real-world training scenes is impractical, and (3) the
image Jacobian is too large to acquire by brute force. Below we address these challenges by
exploiting the structure of the system-optimization problem speci cally for triangulation-
based systems. The resulting optical SGD procedure is shown in Figireght).

7.4 Auto-Tuning Structured Light

We now turn to the problem of optimizing projector-camera systems for structured-light

guentially onto a scene and the reconstruction task is to compute, independently for every
camera pixel, its stereo correspondence on the projector plane. This task is equivalent to
computing thepixel-to-column correspondence mdpwhered [m] is the projector column

that contains the stereo correspondence of camerariXElgure7.4). We thus optimize a
projector-camera system by minimizing errorslii Furthermore, we de ne thdisparity

of pixel m to be the difference ad[m] and the pixel's column on the image plane.

Image Jacobian of Projector-camera Systems We treat projectors and cameras as two non-
linear “black-box” functiongroj() andcam(), respectively (Figur&.5). These account for
device non-linearities as well as internal low-level processing of patterns and ineages (

2Since optical-domain Jacobian estimation relies on noisy images, it introduces an additional source of stochasticity in the SGD
procedure | , 181, 183 35].

3The pixel-to-column correspondence map requires no knowledge of a system's epipolar geometry, radial distortion or Euclidean
calibration. As a result, optical SGD can be applied even without this information.
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img(c; S)

" ]

projO spatio-tempora| spatio-tempora can()
light generation pixel response

s
non-linear
response functian
4
low-level patter image processirjg
processing pipeline

ambient light
direct & indirect light transport
projector optical transfer functig
camera optical transfer functjgn

0 ¥

‘ controlvector‘ ’ image ‘
c i

Figure 7.5: Image Formation in General Projector-camera SystemsThe projector functiomproj() maps a control vector of digital
numbers to a vector of outgoing radiance values. Similarly, the camera fucetiof) maps a vector of sensor irradiance values to a
vector holding the processed image.

non-linear contrast enhancement, color processing, demosagtig,

Between the two, light propagation is linear and can thus be modeled by a transport matrix
T (S). This matrix is unknown and generally depends on the scene's shape and material
properties, as well as the system's optics,[177]. It follows that the image and its Jacobian

are given by

i = cam(T(S) proj(c) + ambien} + e (7.10)
TS k)« oy
sy = & T(s) @oj (7.11)

r
|% optics, 3D shape, I -@-}

camera iector
non-linearities "€ €ctancegtc Projector
M M) N) no?l\llmel\zimtles
where noise may include a signal-dependent componeniramnotes the vector of

irradiances incident on the camera'’s pixels. Thus, auto-tuning a system without indirect
light forces it to account for its non-linearities and end-to-end optical transfer function.

Neighborhood Decoding For perfectly linear systems and low signal-independent noise,
a very simple correspondence- nding algorithm was recently shown to be optimal in a

m as aK -dimensional‘feature vector,” (2) compare it to the vector of intensities at each
projector column, and (3) choose the column that is most similar according to the zero-mean
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normalized cross-correlation (ZNCC) sco(Eigure7.4):

zmn] &' ZNCQ ia[m]; ik [m] ; calnl;:iiec[n] ) (7.12)

d[m] = arglmna>§\I Zn[n] : (7.13)

Here we generalize this decoder in three ways. First, we expand feature vectors to include
theirl pneighborhood (on the same image row as pmeln the case of images). We

use small3- or 5-pixel neighborhoods in our experiments, making it possible to exploit
intensity correlations that may exist in them:

(ZNCC, similarity)  zp[n] = ZNCQfp; f) (7.14)

wherefy,;f, are vectors collecting these intensities. Second, we model the projector's
response curve as an unknown monotonic, scalar fungffprronsisting of32 linear
segmentsd6]. This introduces a learnable component to the decoder, waddenensional
parameter vector is optimized by optical SGD along witty;:::;ck . Third, we add a
second learnable component to better exploit neighborhood correlations, and to account for
noise and system non-linearities that cannot be captured by the scalar reg)aisee.

This consists of two ResNet blocksd, 6], for the camera and projector, respectively:

(ZNCC-NN, similarity) ~ zm[n] = ZNCQfy + F (fm); o(fh) + F(a(fh))) (7.15)

whereF () andF () are neural nets with two fully-connected layers of dimengjug) (pK)
and a ReLU in between. Thus the total number of learnable parameters in the decoder—and
thus in vector —is 4p?K 2 + 32.°

Optimization with Penalty Functions  Optimizing the expected reconstruction error of EQ5)
requires a differentiable estimate of the total pen&igyr(d; g)k,, incurred on a given scene.

A tight closed-form approximation can be expressed in terms of the scene's ground-truth
correspondence map the ZNCC score vectors of all pixels, and the vector of pixel-wise
penalties:

X
kerr(d; g)k; softmaxX zn,) err(index g[m];0) (7.16)
m=1
where denotes dot product; is the softmax temperature;, is given by Eqs(7.12-(7.15);
0 is the zero vector; anithdex is a vector whose-th element is equal to its index Proof
is provided in the Appendix Se€.. L

4For two vectors/ 1 ; Vo, their ZNCC score is the normalized cross correlationpf mean(vi) andvy, mean(vy).
5Strictly speaking, ZNCC's optimality does not carry over to ZNGZNCC-NN, or general non-linear systems. Nevertheless, we
use them for optical SGD as we found these similarities to be very effective empirically.
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7.4.1 Efcient Optical-Domain Implementation o
Different Rows, Different Training Scenes Suppose we place an object in front of the system

whose ground-truth correspondence nas known. In principle, since the column corre-
spondence of each camera pixel must be estimated independently of all others, each pixel
can be thought of as a separate instance of the depth estimation task. To reduce correlations
between these instances we use randomly-textured boards for training (Figuréhis

allows us to treat each camera row as a different “training scene” that consists of points with
randomly-distributed albedos.

Circular Pattern Shifts , Different Scene Depths ~ While the albedo of scene points in the
system’'s eld of view may be random, their depth is clearly not: since our training boards
are nearly planar and (mostly) stationary, the pixel-to-column correspondence map varies
smoothly across rows and is xed in time. To break their temporal continuity we move
the patterns instead of the scene: we apply the same randomly-chosen circular shift to all
K projection patterns prior to projection and image capture, and alter that shift every few
iterations. This changes the pixel-to-column correspondence map, and results in images that
would have been obtained had theenemoved in depth. It also allows optimization of
patterns that span all columns of a projector even when the training scene does not.

Acquisition of Ground-truth Correspondences Optical SGD hinges on being able to compute
ground truth far more accurately than the procedure it is optimizing. Since our focus
is on optimizing systems for minimal numbers of patterns, we use the same system for
ground-truth estimation but with many more patterns. We rst assess a system's maximum
attainable accuracy and precision by reconstructing a training board repeatedly with two
independent coding schemes—160 phase-shifted patterrisgnd 30 patterns optimized

for theO-tolerance penalty![/Z]—and cross-validating both across runs and across coding
schemes.

Speci cally, We acquire the ground truth with the following routine:

1. Project30a la carte Q-tolerance) 1 77 patterns onto the scene, and use the ZNCC de-
coder to compute a pixel-to-column correspondence map.

2. Repeat the previous stéftimes to capturd0maps.
3. Fuse the captured maps into a single mapy majority vote.

To verify the captured ground truth, we compare it with another map acquired with a different
family of patterns:

1. Project160shifted cosine patternd @ shifts for frequencies in the range dfg31])
along with 11 shifted cosine patterns of frequen%y, whereN is the number of

SNote that this “simulation” does not account for signal-to-noise ratio reductions caused by the squared-distance falloff of irradiance.
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projector columns.
2. Compute a sub-pixel map4].

3. Round the fractional correspondences to the nearest integer, to obtain an integer pixel-
to-column correspondence mgp

We say that the pixel-to-column correspondence magaptured by the rst routine is an
-tolerance ground trutlif no pixel in g, andg, differs by more than; i.e. for each image

pixel, the column correspondences captured by these two routines are atecohshns

apart from each other. In our experiments, we were able to acGuaierance ground truth

for the training board and our test scenes with all the imaging systems used in this work

except the indirect light experiment in Fig.9. For that experiment onl§-tolerance ground

truth was possible.

Although an accurate ground truth is required for evaluation of different systems and for
comparison to prior art, we do not need the most accurate ground truth while auto-tuning a
system. This is because small errors can introduce an additional source of stochasticity, and
helps the optimization not to over t. Therefore, during training, the optical SGD (outlined

in Figure7.3) uses just one set @0 a la carte patterns. We re-compute the ground truth
every5Q0iterations to account for minor disturbancesy, slight motions of the board or the
camera).

Ef cient Acquisition of Image Jacobians  Although the Jacobian is large, it is usually very
sparse for scenes without indirect light transperg( our training boards). This makes it
possible to acquire several columns of the Jacobian at once from just one invocation of the
optical-domain subroutine of Sectioh3. In particular, an adjustment vector with=B
equally-spaced non-zero elements will yield the sulNaB columns of the Jacobian. If

B is large enough to avoid overlap between the non-zero elements of these columns, exact
recovery is possible.

Figure7.6 (third column) illustrates one sample adjustment vector and its corresponding
image difference, where the adjustment vectoridaB equally-spaced non-zero elements.
We empirically seB = 7 and x the adjustment magnitudeto 0:15. This adjustment
magnitude provides enough change in the image while being small enough to approximate
the directional derivatives.

Frequency Constraint \We always enforce a weak max-frequency constraint to pattern opti-
mization because we found that it leads to a more stable optimization. When auto-tuning
on board, in particular, we band-limit patterns to frequeaiy2N=%¢, which is the closest
power of2 to half the Nyquist rate. This limit is xed in all our experiments, with the
exception of auto-tuning for indirect light (see Fig9 and Sec7.5.2). Enforcing the max
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projection patterrc scene overview adjustment vector
2D projection pattern for vectar captured imageé image differencé® i
O O
(a) (b) (c)

Figure 7.6:Optical-domain Differentiation on an Actual Projector-camera System. (a)LD plot of a sample projection pattecnand
its corresponding 2D projection pattei() a photo of the experimental setup and the corresponding camera image of the scene under the
projection pattern depicted in (g¢) adjustment vector and its corresponding image difference.

frequency constraint is done in the Fourier domain; at the end of each optical SGD iteration,
we set Fourier coef cients higher than the speci ed max frequency to zero.

Numerical Considerations We adopt RMSprop44€ and Tensor ow [/] for the numerical

loop of Optical SGD. The learning rate is set@®01, and allowed to decay by 50%
every350iterations. We use a softmax temperature of 200, a step size oB = 7 for
Jacobian acquisition, and initialize patterns with uniform noise in the rfhgg 0.55]
Mini-batches are created by randomly choosing 15% of image rows in each SGD iteration.
We estimate ground-truth correspondences and the image Jacobiab@aedi Siterations,
respectively. To ensure a stable optimization, we band-limit the patterns’ frequebe¥ to
Nyquist for the projector being used. Optimization typically convergd9biterations

and takes approximately one hour. The main bottleneck is image acquisition, which runs at
15Hz for our unsynchronized HDMI-driven devices.

Figure7.7illustrates how the patterns (and decoder) evolve in a sample auto-tuning run—
with marked improvements in reconstruction performance over time. Crucially, performance

on a much darker scene with lots of depth discontinuities shows a similar trend, suggesting
lack of over- tting.

7.4.2 Optical SGD for Low-SNR Scenes

Auto-tuning a system for low-SNR conditions.¢ low projector brightness, distant scene
and/or high ambient light) introduces a major challenge: the image diffeiéncedue to
adjustment (Figur&.6(c)) may be below the image quantization level. This will lead to
incorrect gradient estimates that can cause optical SGD to fail. To cope with this challenge,
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kerr(d; g)ki for test scene

optical SGD objective

Figure 7.7: Optical SGD in Action for the LG-IDS Pair and the Training Board in Figure 7.1 Top: The red graph shows the
progress of the optimization objective (EQ5) across iterations when auto-tuning on the training board for four patterns, the zero-tolerance
penalty, and the ZNCC-NNdecoder. The green graph shokesr(d ; g)k; as a function of iteration for the previously-unseen (and
much more challenging) test scene beltwiddle: Visualizing the evolution of patterey as a grayscale image whaséh column is

the pattern at iteration Bottom: Three snapshots of the optimization, each showing the patterns at itaratierdisparity map of the

training board (inset) reconstructed from those patterns; and the disparity map of the test scene reconstructed from the same patterns.

we do not auto-tune systems under these conditions. Instead we always capture images
under conditions where the image differeriée i can be computed reliably, and then
corrupt these images by (1) down-scaling them and adding zero-mean Gaussian noise to
simulate reduced signal level, and (2) adding Poisson noise to simulate high ambient-light
contributions. These unquantized images are then used to compute the gradients required by
optical SGD.

Intuitively, this approach leads to images with lower quantization error, so that very small
image gradients can still be estimated. We use this method only for auto-tuning systems for
far- eld imaging (Fig.7.13 and Sec7.5.9. In all other cases, auto-tuning is performed
without any image corruption.

7.4.3 Optical SGD for Scenes with Indirect Light

Auto-tuning a system for settings with signi cant indirect light requires speci ¢ considera-
tions as well.
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Capturing the Ground Truth It is well-known that indirect light can corrupt shape estimates
obtained by structured lightL |5, 74]. In such cases, simply increasing the number of
structured light patterns does not guarantee that correct correspondences will be acquired.
To mitigate the in uence of indirect light as much as possible, we used the same method
as described in Se@.4.1to obtain ground truth, but captured the images by operating
EpiScan3D in epipolar-only imaging mod&d/]. Note that this mode was employed only

for acquiring the ground truth.

Optimization Parameters Indirect light leads to a less-sparse Jacobian. Consequently, we
use larger spacing between non-zero elements of the adjustment vector. Furthermore, we
observed that using a lower max-frequency for patterns yields a more stable optimization.
We empirically seF to § of Nyquist limit, and chos® = 23 for translucent training scene

(refer to Sec7.5.2.

Hadamard Multiplexing for Image Jacobian Acquisition  Indirect light reduces the SNR of direct
surface re ections and therefore the SNR of optically-computed gradients. To improve
the gradient estimation, we acquired the image Jacobian by Hadamard multiplexiihg [
which is known to improve performance in low-SNR conditions. Speci cally, instead of
using adjustment vectors that have a single non-zero element, we use those de ned by the
S-matrix of appropriate size, and demultiplex the captured images after acquisition. This
leads to higher-SNR gradients and improves the performance of optical SGD considerably
(Fig. 7.9and Sec7.5.9.

7.4.4 Optical SGD for Color Structured Light Systems

To apply the optical auto-tuning framework to color structured light systems, we followed
two approaches:

Approach 1: Color Structured Light with Demosaiced RGB Images. First, we use demosaiced
RGB images as the input to the algoritinFor such a system running én° color patterns,
there ar&K = 3K °control vectors, an8K °corresponding images. With this modi cation,
the same methods as H@.12-(7.16), can be applied for both decoding and auto-tuning a
system.

Approach 2: Color Structured Light with Raw Single-channel Images. AS another option, we
simply use raw single-channel Bayer image as the input. Operating on Bayer mosaic
introduces a mismatch between the number of control vectors and the number of patterns:
for K °RGB patterns, the number of captured images Y%ut the number of control vectors

is K = 3K % This size mismatch between “image feature vector” and “projector feature
vector” (as de ned in section 4) prevents direct application of the ZNCC or ZN@&Coders

"We capture raw single-channel images with camera, and use standard OpenCV algorithm for demosaicing.
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(Eq. (7.12-(7.14). Here we simply modify ZNCC-NN for this purpose, by slightly
changing the neural network architecture for image feature v&dfor Speci cally, we

de ne F () to be a neural net with two fully connected layers of dimens{@ks) (3pK)

(3pK). Moreover, since each pixel inza 2 Bayer tile has a different spectral response
and a different local neighbourhood, we use a distinct neural network for each pixel in
a Bayer tile. This means the total number of learnable parameters for image features is
4(3p?K 2 + 9p?K 2). Eq. (7.16 then can be utilized to auto-tune the patterns and decoder.

7.5 Experiments

7.5.1 Quantitative Comparison with State-of-the-art Methods
Experimental Setup We used the LG-IDS pair as our imaging system. The scene was placed

approximatelylm from the system. We chose a scene with both high- and low-albedo
surfaces, different geometries, texture, and depth discontinuities. An image of the scene
under all-white projection pattern is shown in Figure&

We used all the decoding methods with= 4 to compare their performance. Fig8shows

the comparisons for patterns auto-tuned viitolerance. In Figur€.8 we used percentage

of pixels with no error as the evaluation metric, which is equivale@ktimerance penalty.

In both gures, The improvements along the columns (marked with green) show the impact
of our proposed decoding algorithms on existing encoding methods, while the last row
showcases this work's contributions in both decoding and pattern optimization.

Three observations can be made about these results. First, despite being automatic and
calibration free, optical SGD yields state-of-the-art performance. Second, comparing the
second columns of Figurés8with their rst columns indicates neighbourhood decoding

has a drastic impact on the performance of system for all the patterns. For instance, it
improves the percentage of zero-error pixels for MPS, Hamiltonian, and a la ca&8894y

56% and86% respectively. Furthermore, the neural net decoder provides another level
of improvement in the performance for auto-tuned patterns, but has almost no effect on
patterns which are not optimized with auto-tuning. This suggests that the neural network
decoder is most useful when it is optimized along with the patterns. It also justi es our
default choice of ZNCgdecoder for state-of-the-art patterns used in Sectién

7.5.2 Indirect Light Experiment
Experimental Setup We used EpiScan3D. 7] (operated as a conventional projector-camera

system) to reconstruct a scene made of beeswax and other translucent materials, approxi-
mately 80cm away. Ground truth for auto-tuning was acquired as described in.&&c.
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% of pixels with no error Ground Truth & Camera Image

ZNCC ZNCG ZNCC-NNs

MPS [74] 27.42 51.70 4953

Hamiltonian [/8]9.46 14.72 15.03

alacarte]77 33.14 61.78 61.76
auto-tuned 32.29 67.33 72.24

visualization: O-tolerance disparity maps overlaid with raw disparity

Decoding: ZNCC Decoding: ZNCGs Decoding: ZNCC-NNs

MPS

Hamiltonian

alacarte

auto-tuned (O-tolerance)

Figure 7.8: Comparison of Different Coding-decoding Methods based on Percentage of Zero-error PixelS he table lists the

no-error reconstruction rateisg; the percentage of pixels with zero error) of each pattern, decoded with all the decoding methods. Their
corresponding-tolerance disparity maps(pixels with zero error are drawn in the gures) are shown with the same layout as the table.

The raw disparity maps are also shown as insets, for reference. Table entries and disparity maps marked as blue represent the current state
of the art. Entries and disparity maps marked as green indicate the best-performing decoder for 3 previously-proposed pattern sequences
(MPS, Hamiltonian, a la carte). Note that the best results of these patterns are obtained with decoders introduced in this paper. The best
performance, shown in red, is obtained by auto-tuning with the ZNCG-ti¢¢oder.
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As a baseline, we auto-tuned with the training board for2telerance penalty and ZNCC-

NNs decoder, and used it to reconstruct the scene. This produced a result considerably worse
than the MPS16-ZNC&decoder combination. (Figuie9). Auto-tuning with a beeswax
training scene at a similar distance improved performance signi cantly (75% of pixels
with error  2) but did not outperform MPS16. We then made three small changes to the
auto-tuning procedure: (1) bringing the training scene clo$@mg); (2) using Hadamard
multiplexing [221] for Jacobian acquisition during optical SGD; and (3) re ning the auto-
tuned patterns and decoder by running additional Optical SGD iterations with a higher
softmax temperaturg =1000). This provides an even tighter continuous approximation to
the total penaltykerr(d; g)k;, at the expense of a harder optimization landscape. Fig@re
shows the performance improvements caused by individual modi cations to our basic optical
SGD procedure. Upon convergence, this yielded patterns and a decoder that performed well
above MPS16 on the test scene 80cm away.

test scene & ground-truth disparitv map auto-tuning with board at 80cm MPS16 & ZNCCs

auto-tuning with wax training scene at 80cm  auto-tuning with wax training scene at 40cm  auto-tuning with wax training scene at 40cm
& Hadamard multiplexina Hadamard multiplexina & re nement

Figure 7.9: Auto-tuning for Indirect Light. To better visualize reconstruction accuracy, only pixels with err@ are shown in the
disparity maps above. The total percentage of such pixels is indicated in yellow in the upper left, with the correspondence error map
shown as an inset (darkest blue for err6r darkest red for error 20).

7.5.3 OpticalSGD for Different Imaging Systems

This section explores the applicability of optical auto-tuning framework to a broad range of
structured light imaging systems.

Simulations with Mitsuba CLT [ 238, 109 and ModelNet [27(] To assess how well an auto-tuned
system can perform on other scenes, we treated the Mitsuba CLT renderer as a black-box
projector-camera system and auto-tuned it using a virtual training board similar to those in
Figure7.1(middle). We then used the optimized patterns and optimized ZNCgedéoder
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% pixels with no error sample model auto-tuned

alacarte[ 77 MPS16[/4]

—— auto-tuned (board)
—— auto-tuned (ModelNet)

--- alacarte & ZNCG
------ ——— MPS16 & ZNCG &
—--. Hamiltonian & ZNCG

Figure 7.10: Auto-tuning Mitsuba CLT for Four Patterns and the O-tolerance Penalty Left: Performance of optimized patterns

and ZNCC-NN decoder across iterations of optical SGD. We measure performance by reconstructing the virtual training board (red
plot) as well as ModelNet objects (green plot, averaged over 30 models). Optical SGD performs considerably better on ModelNet than
state-of-the-art patterns combined with our ZNd&coder (dashed linesRight: Disparity maps for a sample model.

to reconstruct a set @ randomly-selected models from the ModelNet dataseét]f The
results in Figure/.10show no evidence of over- tting to the virtual training board, and
mirror those of Figure'.7.

Auto-Tuning Color Projector-Camera Systems We used the methods described in seclioh4
to auto-tune two different projector-camera systems for color structured light.

Color structured light with cellphonélhe results are shown in Figurel (top row). In this
experiment, we auto-tuned the systemHKor= 5 patterns, the ZNCC-NNdecoder, and
1-tolerance penalty function.

Color vs. monochrome structured light experiméit.do so, we used the same projector
(LG) and base camera system (Prosilica AVT with Schneider lens), with the only difference
being that the color version of the system had a Bayer lter tted onto the sensor (models
Prosilica 1920c and Prosilica 1920, respectively). Thus, the color camera provided color
information at the expense of lower quantum ef ciency for its pixels. For both systems, we
auto-tune for thé-tolerance penalty and the ZNCC-NMNecoder.

Figure7.11compares disparity maps obtained with color patterns and gray patterns, using
the approach in Section4.4to handle color. Two observations can be made about the
results. First, despite their lower quantum ef ciency and lower number of patt@owdor
patterns perform comparably #ogray patterns. Second, auto-tuning on demosaiced images
works better than using the raw images. Intuitively, auto-tuning on demosaiced images
bene ts from the inference taking place in the demosaicing procedure.

7.5.4 Operating Range of an Auto-Tuned System
Experimental Setup We used the LG-IDS system in Figurel2to reconstruct the training

board in geometrical arrangements that are different from those used for auto-tuning. We
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scene ground truth K =4:69:09% K =3:43:33%
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scene ground Truth K =3 [demosaiced]66:41% K =3 [raw]: 58:77%
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Figure 7.11: Comparison of Auto-tuned Color Patterns with Gray Patterns. Top Auto-tuning gray patterns for LG-AVTa) scene
image captured by the monochrome caméspO-tolerance ground-truti{c-d) O-tolerance disparity map (overlaid with raw disparity
map) forK =4 andK = 3 with their percentages of zero-error pixeBottom: Auto-tuning color patterns for LG-AVTa) scene
image captured by the color camefl) O-tolerance ground-truti{c) O-tolerance disparity map (overlaid with raw disparity map) for
K =3 color pattern, auto-tuned on demosaiced images with its percentage of zero-error(d)@itolerance disparity map (overlaid
with raw disparity map) foK = 3 color pattern, auto-tuned on raw images with its percentage of zero-error pixels.

compare the performance Kf = 4 sequences of MPS, Hamiltonian, a la carte patterns
decoded with ZNC¢g (which gives the best performance for the patterns), and patterns
auto-tuned foB-tolerance penalty with ZNCC-Ni\decoder. .

Varying Stereo Baseline First, we analyze the performance of patterns on the same system
but with different baselines. For this case, we x the camera's and the training board's
position and orientation, and move the projector to change the stereo baseline. The camera-
to-board distance was approximat8§cm and we tested ve baselinesacm, 24cm, 36cm,
and48cm). We compare the performance of MPS, Hamiltonian, and a la carte with the
performance of a system auto-tuned to one of two different baselliZes(and48cm).
Figure7.12(left) shows the experimental setup, and patterns' performance according to the
evaluation metrics correspondingQ@dolerance penalty.

Discussion.Three observations can be made about the results: First, by increasing the
baseline the performance of all the patterns drops. Second, training on a particular baseline
provides the best performance on that baseline (regardless of penalty function). Third,
although optimizing on a particular baseline gives the best performance, auto-tuning a
system on one baseline continues to perform well in other baselines as well, outperforming
existing methods.

Varying Surface Orientation ~Second, we analyze the effect of surface orientation on recon-
struction performance. Here, we x the baselikddm), and the training board's distance
with respect to the systen®:8m); and rotate the board®,(15, 30, and45 degree). We



140CHAPTER 7. OPTIMIZING ILLUMINATIONS FOR ACTIVE IMAGING SYSTEMS WITH OPTICAL STOCHASTIC GRADIENT DESCENT
varying baseline varying orientation

% pixels with no error vs. baseline % pixels with no error vs. surface orientation
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Figure 7.12: Comparison of Auto-tuned Patterns Optimized on Different Geometrical Arrangements with Existing Patterns

auto-tune the system at one of two board orientations, and compare their performance with
other existing patterns. Figurel2(right) shows the experimental setup, and the patterns'
performance at different orientations.

Discussion.The results show similar behavior to the case of varying baseline. First, almost
all the methods' performance drops when the surface tilts away from the baseline; the only
exception is the case of auto-tuningd&tdegree which performs better as tilt increases.
Second, systems auto-tuned on a speci ¢ orientation perform best at that orientation. Third,
a system tuned for zero tilt, generalizes well to other tilts, outperforming other existing
methods at different angles. This does not always hold for a system tunéBldegree tilt.

This suggests systems tuned with a board parallel to the baseline perform well for a larger
range of orientations.

Varying Distance Finally, we evaluate the in uence of object-to-system distance on the
performance of patterns. For this experiment, we used a room corner as the test scene
(Figure7.13 top right). While keeping the baselin2dtm) and scene xed, we translated
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average correpondence/error

— Hamiltonian & ZNCG
— auto-tuned for 0.8m
—— auto-tuned for 5.8m
—— auto-tuned for 0.8-5.8m

meter:

Figure 7.13: Reconstructing a Room Corner from Different Standoff Distances After Auto-tuning for a Speci c Distance (or a
Range of Distances)We observe that the frequency content of patterns optimized for 0.8m (red) is much higher than those for 0.8-5.8m
(green).

the camera-projector pair backward from the cor@e8n, 1:8m, 2:8m, 3:8m, 4:.8m, and
5:8m) and auto-tune the system for 3 distances usingd-thpenalty: one for a training
board at0:8m, one for a training board &t8m, and one for the range 0f8 to 5:8 meters
(by drawing random distance samples).

Discussion. We use the approach described in secfioh2to auto-tune for distances
beyond0:8m because the projection patterns are too dim at distances b2gotalcompute
gradients reliably. We also chooke penalty since it produces more reasonable results
for far distance. Figur&.13shows an overview of the experimental setup, and the average
disparity error as a function of depth. Similarly, systems auto-tuned on a speci c distance
perform best at that distance range.

7.6 Summary

Our optical-domain implementation of SGD offers an alternative way to solve optimal coding
problems in imaging, that emphasizes real-time control—and learning by imaging—over
modeling. Although we have shown that very competitive coding schemes for structured
light can emerge on the y with this approach, the question of how a system can be
tunedeven further—for speci ¢ materials, for speci c families of 3D shapes, for complex
light transportetc—remains wide open. Another interesting direction would be extend
OpticalSGD to other imaging systems to discover their optimal imaging parameters. We
leave it as future work.



Chapter 8

Conclusion

In this thesis, we propose to differentiate imaging systems and embed them into learning
based reconstruction frameworks to boost 3D reconstruction. The thesis conducts novel
differentiable reformulation on rendering pipelines and structured light systems, where each
demonstrates new capabilities in 3D reconstruction, achieving large-margin performance
improvement compared to prior works. In this chapter, we rstintroduce key insights we
learned from the accomplished works and their limitations in 8€lc.We then talk about
promising future directions in Se8.2.

8.1 Learned Lessons

Single-view 3D Object Reconstruction with Differentiable Rendering Single-view 3D object re-
construction is a challenging problem, where our goal is to infer 3D properties from a single
image. It becomes even more dif cult when we want to jointly recover shape, texture,
light and material which are highly entangled together in the image. Traditional supervised
methods rely on images accompanied with 3D ground truth while differentiable rendering
techniques relax the data requirement. In Chaptere propose DIB-R, an interpolation-
based renderer that supports to compute gradients from 2D images to most 3D attributes,
including vertex positions, vertex colors, multiple lighting models, texture mappiagit

shows faithful shape and texture prediction under low-frequency lighting assumption.

However, DIB-R is still limited in disentangling clean texture from high-frequency lighting
effects. This is the main reason why DIB-R++ came out in ChagpiteBy explicitly
modelling the high-frequency lighting models, DIB-R++ demonstrates new capabilities to
jointly predict shape, texture, light and material from a single image in an unsupervised way.
It presents clean texture and accurate lighting estimation, especially for the images captured

142
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with secondary lighting effects like specular or re ection.

By comparing these two methods, the lesson we learned is that differentiable rendering based
single-view 3D object reconstruction cannot recover 3D properties beyond its rendering
equations. In other words, if the rendering effects cannot be expressed by the differentiable
rendering pipeline, it is impossible to recover the corresponding 3D properties in the learning
tasks. It also indicates the limitation of DIB-R++: as a one-bounce ray tracing based renderer,
it fails to account for more advanced rendering effects like shadows or scatter media which
require at least two bounces. To further disentangle them, we need a new renderer that takes
more than one bounce into consideration, as well as being fast enough to be embedded in
learning frameworks.

On the other side, single-view 3D object reconstruction problem is highly ill-posed, where
another key to disentangling everything lies in the training data. We nd successful inverse
graphics models rely on multi-view images. Therefore, in Chaptee propose to use
StyleGAN to create high-quality, multi-view training images and demonstrate that the neural
networks trained on StyleGAN dataset can be well applied to real images to predict reliable
3D properties, since they have similar distributions. The bene ts of multi-view images are
two folds: On one hand, the shape is partially observed in the image. Similar to shape
curving, novel views help regularize the shape to be correct for both visible and invisible
parts. Moreover, texture, material and light are generally merged together to generate
the nal object appearance. Luckily, lighting effects are view-dependent so multi-view
data could help decouple it from texture. Interestingly, even with multi-view images, we
nd that the predicted texture, material and lighting parameters, though exhibiting very
close rendering effects to the input image, are not exactly the same from the ground truth
parameters. It indicates that even multi-view data is not suf cient to nd a unique solution.
We might need multi-view, multi-illumination data to further constrain this problem.

Structured Light Triangulation with Optimized Patterns  In Chapter6 and7, we move to struc-

tured light systems. While all the previous works de ne system illuminations with manually
designed patterns, in Chaptewe propose la carte, a new paradigm where by differentiat-
ing structured light imaging formal models and embed them into learning frameworks, it is
able to design patterns from a machine learning perspective and automatically optimize them
by minimizing the expected disparity loss. We show the optimized patterns signi cantly
outperform previous hand-crafted ones.

While a la carte considers a simpli ed imaging formation model in simulation and ignores
realistic hardware properties, in Chaptewe further propose OpticalSGD to embed the real
structured light systems in learning frameworks, optimizing patterns for the actual hardware
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devices, and doing so without any requirement of system modelling. The strong performance
boost froma la carte to OpticalSGD indicates the huge domain gap between the simulated
imaging formation models and the actual devic@sla carte adopts a simpli ed linear
model, which fails to account for more practical optical phenomenons like camera lens blur,
radiometric response functions, as well as the camera and projector noise. Hardware-in-the-
loop can inherently take them into consideration during training, generating patterns that
perfectly match the hardware device properties.

OpticalSGD differentiates hardware systems by computing gradients in optical domain.
However, currently they are computed in a numeric way. The ef ciently gradient computa-
tion is implemented with spatial spacing, which relies on the sparse property of the light
transport matrices. As a result, it can hardly be extended to other systems without such
properties. Developing general and fast gradient computation techniques might be the key
to generalize to more broader imaging systems.

8.2 Future Work

Conceptually, differentiating and embedding imaging systems in learning frameworks can be
treated as a new way of applying imaging priors to learning systems. The biggest advantage
is that it could jointly optimize imaging settings as well as reconstruction algorithms, where
they boost each other, achieving huge improvement compared to previous methods. In
practice, differentiable imaging systems lie in the intersection of two important research
areas: machine learning and computational imaging, where promising future research
happens in both sides. We propose to continue to push the boundaries of 3D reconstruction
in both areas, with special focus on the below directions.

3D Representations Choosing proper 3D representations that perfectly match imaging sys-
tems is critical in 3D reconstruction, which in uences the design of differentiable imaging
systems and reconstruction algorithms, as well as their usage in downstream applications.
Our differentiable rendering works g, 39, 297] utilize explicit mesh representations. Com-
posed of explicit geometry and SVBRDF, they are readily usable in graphics engines like
Maya or Blender. However, meshes generally require pre-de ned topology which are
limited in representing complex objectsg, shapes beyond 0-genus. On the other side,
implicit representations in Nerf-series workis’/[[] demonstrate ability to represent complex
geometry and exhibit excellent effects in novel view synthesis. However, they typically lack
interpretability and editability, and are not compatible with graphics engines.

As such, exploring how to develop hybrid representations that leverage the complementary
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bene ts of explicit and implicit representations is an important direction. As a rst try,
our recent work 1 7¢) combines explicit tetrahedral mesh and implicit SDF eld together,
achieving promising effects in complex object reconstruction. We demonstrate detailed
shapes, exquisite texture maps, accurate lighting and material parameters are all inferable
from 2D photographs only. Moreover, the predicted 3D attributes can be directly exported
to any graphics engine for artists to edit. Next, we will continue to explore proper 3D
representations for more challenging cageg, discovering suitable representations in
large-scale scene or video reconstruction tasks.

Universal Differentiable Framework — Differentiate imaging systems enable joint optimization

for reconstruction algorithms and imaging settings, which demonstrate huge improvements
over prior works. However, different imaging systems have distinct imaging formation
models. Currently, each imaging system requires a speci c differentiable design. For
example, in my previous works, rendering pipelines, structured light systems have totally
different designs.

Therefore, it is also important to develop universal differentiable frameworks that can be
applied to all the imaging systems, back propagating gradients to their imaging parameters
ef ciently, no matter which imaging formation models they have. Existing gradient descent
based methods can hardly handle the non-differentiable, physical procedures in imaging
process. We plan to investigate advanced optimization algorithms like Bayesian optimization
or reinforcement learning to solve the problem. We anticipate the frameworks can be
potentially applied to a wide range of imaging systems, from conventional cameras to
cutting-edge medical imaging or astronomy imaging.



Appendix A

Supplementary Material for DIB-R

A.1 Derivation of DIB-R Renderer

In this section we show how to back propogate gradients from
barycentric weights to the vertex positions via differentiable
functions . As shown in FigA.1, the pixel at positiorg
is covered by the facg with three verticesy, v, ¥, where
1 andy are 2D coordinates on the image plane apds
corresponding barycentric weight. Hekes 0; 1; 2. We show
how to compute o = o(v; *; W¥; ) below, and weights ; Figure A.L: llustration of Our Difer-
and! , can be calculated similarly. entiable Rasterization

% #$
(G

With the sum of barycentric weights being equal to 1, we have:

Lo+ 1+ 1,=1: (A.1)

We can rewrite it in matrix form as:
lo=1 11 ' (A.2)

The Barycentric weights are calculated via pixel posiggpand face vertex positiong, v,
andw,:

A= ! oo + I 1+ ! Yo (A3)
where we can also rewrite it as:

h i ) h i
YA M W = A w (A.4)
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Thus we have: "
Fon i sh

LT M M % W 2 Y (A.5)
12

If we merge Equation A.2) and Equation 4.5), we can easily derive that:
h ih i ,h [
lo=1 11 % % % YW A W - (A6)

In this way,! o can be treated as a output of a function while the input variables are pixel

coordinaten and vertex positionsg, v, andy,. We rewrite the weight ¢ as the ¢ function
and thus gradients can be back propagated freto vertex positions:

o= o(¥:¥;%;A) (A.7)

=93- =0 (A.8)
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Supplementary Material for DIB-R++

B.1 BRDF Model for DIB-R++

For the BRDF, we use a simpli ed version of the isotropic Disney BRDH[

fOGE il o) = o = hlan(! !O;ij!jr:)(!;(olji;! o)

; (B.1)

wherea is the diffuse albedd) is the (micro-)normal distribution function (NDH, is the
Fresnel term( is a geometry or shadowing factor, ang=(! i + ! o)=k! ; + ! Jkis the
half-vector.

MC Shading For the NDF, we use the GGX/Trowbridge—Reitz distribution parameterized
by a roughness parameter 0, which we map to = ( + 1)2=8 to allow for more
perceptually linear changé{]:

2

MO) (| .+ = .
P )T (e pe ?

(B.2)

We importance sample this term directly using inverse transform sampliig49). For
the geometry term, we use the Schlick modeij], which is given by

G(! ;! o) = Gi(! NG’ o)
|

n !
Gi(!;n; )= CEBEDE

Finally, for the Fresnel re ection coef cient, we use the SG approximatian] given by:

(B.3)

F(I O,I h) = s+ (1 S)2( 5:55473( o ! ) 6:98316)(! 6! 1) : (B4)

INote that this is not related to our SG model. It is common to replacé th¢! o ! )° term in Schlick's model by an SG to
remove the power and improve ef ciency.
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wheres is the specular albedo at normal incidence, which we de ne as a linear combination
between relative IORs and albedo usingetallicparametem 2 [0; 1]:

Fo= Lerpjl j?51+ j%am : (B.5)

Here, = 1:5(vector) andn is the blending weight. This interpolation allows us to treat
conductors and dielectric with the same approximation. Intuitively, if a material is dielectric
we use the IOR, otherwise we use the albedo to “tint” the re ection.

SG Shading Similar to Wang et al. 159, we approximate the NDP using a single SG
lobe

2 1
DS ) Gg 'mnSi—

(B.6)
and apply a spherical warp$9 to orient the distribution lobe about the re ected view
direction:

DSCWarpel() -y Gy 1 p;2(1 5 NN !o;4jn—d!0j; ¢ (B.7)
where 4 and 4 are those of EQ(B.6). Since the Fresnel and geometry terms cannot be
approximated with SGs, we assume that their values are constant across the entire BRDF
lobe and pull them out of the integral. The cosine foreshortening term is approximated with
asingle SGag !ij G ((!;n;21331:17)[166. The outgoing radiance can nally
be evaluated in closed form by integrating against the environment map, also given as a
mixture of SGs.
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Supplementary Material for
OpticalSGD

C.1 Proofof Eq.(7.16)

The total penalty of a correspondence naawith ground truth map is de ned as:
hd
kerr(d; g)ki = (d[m] g[m]) (C.1)

m=1

Using ZNCC-based decoders (E¢5.19-(7.15) for acquiring correspondence mdpwe
have:

er(d; g)im] = (arg,max zn[] ~ glm) €2

Now, we de ne a max-indicator vectay, as follows:
8
<1 ifj =argmax; n n Zm[n]

im0]="

- 0 otherwise

Usingim, we can rewrite Eq.Q.2):
err(d;g)[m] = ((im index) g[m](im 1)) (C.3)

whereindex is a vector whose-th element is equal to its index1 represents an all-one
vector; and denotes the dot product.
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We can now further simplify Eq{.3) by factoringipm:

er(d;g)[m] = im [ (index[0] g[m]);:::; (index[n] g[m])] :

On the other hand, it is straightforward to show:

||I{’n softmaX zpn) = in

By combining Eq. C.4) and Eq. C.5), we get:

151

(C.4)

(C.5)

err(d; g)[m] = Ii!rln softmaxX zp) [ (index [0] g[m]);:.:; (index [n] g[m]y ;

ek

err(index g[m];0)

Therefore, for suf ciently large , we can conclude:

hd
kerr(d; g)k; softmaxX z,) err(index g[m];0)

m=1

QED.

(C.6)

(C.7)
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projector projector response projector pattern spa_ltlgl camera  Mage exposure camera response
function columns frequency limit time function
LG-PH550 non-linear 1280 256 IDS-U1324x 33msec linear
LightCrafter linear 400 64 C2Bbq 17msec linear
Optoma 4K non-linear 3840 512 Huawei P9 33msec non-linear
LG-PH550 non-linear 1280 256 AVT-1920c 17msec linear
LG-PH550 non-linear 1280 256 AVT-1920 17msec linear
PicoPro non-linear 1280 256 IDS-UI324x 17msec linear
Table C.1: List of the experimental imaging systems.
encoding decoder optimized for Reference _radiometric_ally auto-tgning
scheme penalty calibrated projector? applied?
Hamiltonian ZNCC L, [78] Yes No
MPS ZNCC none 4 Yes No
Ala carte ZNCC O-tolerance 77 Yes No
Hamiltonian ZNCG L, this thesis Yes No
MPS ZNCG none this thesis Yes No
Ala carte ZNCG O-tolerance this thesis Yes No
Hamiltonian ZNCC-NN O-tolerance &L this thesis Yes decoder only
MPS ZNCC-NN O-tolerance &L this thesis Yes decoder only
A la carte ZNCC-NN O-tolerance &L this thesis Yes decoder only
auto-tuned ZNCC O-tolerance &L 1 this thesis No patterns only
auto-tuned ZNCg O-tolerance &L 1 this thesis No patterns only
auto-tuned ZNCC-NB O-tolerance &L 1 this thesis No patterns & decoder

Table C.2: List of the coding-decoding methods used for experiments.

C.2 List of Devices & Encoding-Decoding Methods

To better reproduce our method, we list all the devices and encoding-decoding algorithms
we use in Chapter. TableC.1lists all the devices we used while Talile? shows all the
encoding-decoding methods used in the experiments.
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