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In this thesis, I address the problem of obtaining photo-realistic 3D models of small-scale

indoor scenes from a stream of images captured with a hand-held camera.

Recovering 3D structure of real-world scenes has been an important topic of research

in computer vision, due to its wide applicability in virtual tourism, augmented reality,

autonomous-driving or robotics. While numerous reconstruction methods have been pro-

posed, they typically present trade-offs between practicality of capture and the realism of

the reconstructed model. I introduce novel 3D reconstruction techniques that effectively

navigate the trade-off curve, in order to produce photo-realistic models from user-friendly

capture setups. Finally, I suggest new directions for learning generalizable scene priors to

enable capture from partial inputs.

Creating a photo-realistic digital replica of a physical scene involves careful modeling of

geometry, surface materials, and scene lighting, all of which I address in this thesis. At the

same time, a reconstruction system should be easy to use for casual users to truly unlock 3D-

related applications. This thesis suggests three criteria required for a casual reconstruction

system that could greatly reduce the time and resources during scanning: i) the input method

should be from a hand-held consumer-grade camera, ii) the system should reconstruct full

appearance from a handful of input views of a scene as opposed to a dense view-sampling,

and iii) it should automatically complete unobserved parts of a scene. The thesis proposes



novel techniques to tackle each of these criteria.

I first describe a technique to reconstruct the appearance of shiny objects, leveraging the

infrared laser system of an RGB-D sensor as a calibrated point light source to recover surface

reflectance. This method takes video as an input from a hand-held camera and the scene

lighting captured with a 360◦ camera to generate a realistic replication of a scene, featuring

high-resolution texture and specular highlight modeling. The output model allows virtually

rendering the captured scene from any viewing direction.

Next, I discuss joint reconstruction of photo-realistic scene appearance and environment

lighting of a target scene using a hand-held sensor. I achieve this through a joint optimiza-

tion of a segmentation neural network, and a material-specific lighting model to reconstruct

the input images, and adopt a neural network-enhanced rendering technique that achieve

exceptional realism. The combination of physics and machine learning achieves both photo-

realism and the ability to extrapolate to new views, reducing the range of required views by

the users.

While the first two approaches allow realistic reconstruction from casual scanning, they

can only model surfaces that are captured during scanning, i.e., they do not complete missing

surfaces. Completing unobserved regions typically calls for machine learning algorithms to

extract and apply scene/object priors from a large database. Traditionally, the lack of

efficient 3D representations has limited the development of deep learning approaches in 3D.

To facilitate machine learning in 3D, I devise my DeepSDF [182] approach that describes

3D surface as a decision boundary of a neural network, which is highly efficient in memory

and at the same time can model continuous surfaces. The new representation, along with

a newly proposed learning algorithm, allows reconstructing a full, plausible shape from a

partial and noisy object scan. I show through experiments that the new representation is

highly effective in learning geometric priors from a dataset of objects.

Finally, I extend the DeepSDF representation to model multi-object scenes. Specifically, I



introduce a new method of training a generative model of unaligned objects via an adversarial

training in the feature space. I show that reconstructing a multi-object scene from a noisy,

partial scan amounts to simply optimizing the randomly initialized latent vectors of the

generative model to fit the observed points.
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Chapter 1

INTRODUCTION

Humans have natural desires to record and share their experiences. Lascaux Cave, located

in southwestern France, contains one of the oldest form of wall paintings, where the cave wall

is beautifully decorated with sophisticated drawings of wild animals and hunting activities.

Although we could only guess why the cave people drew the paintings, it is clear that

these were an important part of their culture, as the scientific analysis shows that some of

the materials used were unusually difficult to acquire such as the scarce manganese oxide

minerals [31].

As the technologies developed, our ancestors were equipped with increasingly sophisti-

cated media to record their experiences via sculptures, paintings, or writings, etc. Notably,

the advent of the modern camera in the 19th century made it possible to take a photo-realistic

snapshot of the world with just a tap of the finger.

Fast forward a couple centuries, billions of people nowadays have a powerful digital

photography machine in their own pockets, i.e., a smartphone, which allows taking photos

or videos whenever we feel like sharing a moment. The democratization of the portable

camera has radically changed the dynamics of content creation, where billions of content

consumers are now only a ‘touch’ away from becoming a content creator via uploading their

photos/videos to online websites.

The driving force behind this evolution of the recording media (from wall paintings to

plaster sculptures to selfies on your iPhones) has been the series of technological revolu-

tions that push the boundaries of more realistic but more convenient modes of recording

experiences. History, then, prompts a question – what will be the next dominant mode of

recording?
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I argue that a key aspect of next-generation media will be the ability to capture the world

in ‘3D.’ Imagine you want to record your room before moving out. Capturing your room in

3D can enable new user experiences such as virtually walking around in your room, looking

closely at an old doodle on your desk, and potentially turning on the lamp you liked. The

ability to digitally ‘re-render’ a scene from new viewpoints and interact with the scene is a

strong value proposition that is likely to overshadow the traditional static 2D videos.

For the last few decades, very good progress has been made in several areas of 3D recon-

struction. Today, for example, you can pick up a phone and take a ‘3D photograph’ that

allows rotating a static image or video in 3D [154, 101], or can wave a depth sensor to acquire

a highly detailed 3D model of the scene [175, 243].

Despite this encouraging progress, however, existing approaches for 3D reconstruction

present trade-offs between visual realism and ease of the capture process. On one hand,

methods that provide the highest quality reconstructions often require laboratory capture

setups or dense view sampling, i.e., the user needs to capture a scene from a very wide range

of view angles, significantly limiting the applicability of these approaches [245, 167, 80, 84].

On the other hand, user-friendly systems that only require casual scanning using hand-held

cameras have been more widely adopted in industry (e.g., Apple ARKit, HoloLens). While

these methods have simple usage setups, the resulting reconstructions often lack extrapo-

lation ability [167, 134, 101] (i.e., cannot predict views far away from captured views) or

the quality of the 3D models is not photo-realistic enough to be used for immersive visual

experiences [175, 243, 180, 65].

In this thesis, I address the problem of achieving photo-realistic 3D reconstruction from

user-friendly capture processes. I discuss various techniques for obtaining high quality dig-

ital reconstruction of a real scene for novel view predictions. Specifically, I focus on three

important aspects of 3D reconstruction that strongly affect the realism of the reconstructed

scene appearance, which are modeling (i) high-resolution textures, (ii) specular highlights

for glossy surfaces, and (iii) scene environment lighting.

At the same time, since I aim for high quality reconstruction with a casual scanning
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process, a critical question to ask in this thesis is “what makes a 3D reconstruction system

easy to use for casual users?” I identify and address three different barriers to ease of capture,

as follows:

1. Casual Input: A user should be able to create 3D content just by moving a hand-held

camera around to shoot a video of a target scene, and the camera required by the

system should be consumer-grade. These two requirements are in contrast with many

of the existing methods that require lab settings such as professional laser scanners,

calibrated scene lightings, or robotic arms for camera movements.

2. Generalization Across Viewpoints: A surface viewed in one direction could appear dif-

ferently from another direction, due for example to specular effects for a shiny surface.

It would be extremely challenging if a user needed to capture all possible viewpoints of

a surface (e.g., around the hemisphere). Thus, a casual scanning system should only

require capturing each surface from several sparsely distributed viewpoints and should

be able to automatically predict how the surface would appear from a wide range of

uncaptured viewpoints.

3. Completion of Unobserved Parts: It would be unreasonable for casual users to scan ev-

ery corner of a room. Therefore, a user-friendly system should automatically complete

the unscanned parts of the scene.

To achieve the above goal of photo-realistic casual capture, I introduce novel systems,

techniques, and frameworks to address each of the aforementioned subproblems throughout

this thesis. In Chapter 3, I describe my casual system, Surface Light Field Fusion [184],

for reconstructing high quality textures and specular highlights from a hand-held RGB-

D camera. While commodity RGB-D cameras have been widely adopted for high quality

shape reconstruction due to their ability to predict depth measurements, the appearance of

scanned models is often unconvincing, as view-dependent specular reflections are not modeled

[273, 175] or the textures are often washed out [176, 175, 243].
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Figure 1.1: RGB-D input video streams to the system [184]. From left to right: sample RGB

image, depth map image, infrared channel image. The system recovers surface specularity

property from the infrared laser system of the RGB-D camera.

Therefore, I developed a system for interactively scanning highly reflective objects with

a commodity RGB-D sensor. In addition to shape, this approach models the surface light

field [245], encoding scene appearance from all viewing directions. To achieve this capability,

I factor the surface light field into view-dependent and wavelength-dependent components.

Then, I exploit the IR laser attached to commodity depth cameras to measure the view-

dependent specular surface properties in the IR channel (Figure 1.1) and reconstruct the

wavelength-dependent diffuse texture using my novel high-resolution texture tracking and

fusion system.

As such, the sysem is able to convincingly reproduce specular highlights, while capturing

high quality diffuse textures, with about the same effort needed to recover shape alone. We

simply need a handful of IR images that come with the RGB-D scanning and environment

lighting captured via a 360◦ panorama camera for rendering to provide a compelling baseline

for photo-realistic casual scanning as shown in Figure 1.2.

An ideal user-friendly system, however, would only require a hand-held camera for 3D

reconstruction, so the additional step of capturing scene environment with a panorama cam-

era could be a barrier to a casual experience as described in the above Criteria 1. Therefore,

in Chapter 4, I introduce an approach to automatically estimate the scene environment just

from the specular reflections of shiny surfaces [183]. For instance, from a video of a shiny bag
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Figure 1.2: Ground truth images and renderings. First column: Ground truth photographs.

Second column: Synthetic rendering of the same pose. Third and fourth column: Rendering

of different camera poses.
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Seeing the World in a Bag of Chips

Jeong Joon Park Aleksander Holynski Steve M. Seitz
University of Washington, Seattle

{jjpark7,holynski,seitz}@cs.washington.edu

(a) Input images (b) Estimated environment (top), ground truth (bottom) (c) Zoom-in

Figure 1: From a hand-held RGBD sequence of an object (a), we reconstruct an image of the surrounding environment (b, top) that closely
resembles the real environment (b, bottom), entirely from the specular reflections. Note the reconstruction of fine details (c) such as a
human figure and trees with fall colors through the window. We use the recovered environment for novel view rendering.

Abstract
We address the dual problems of novel view synthesis and

environment reconstruction from hand-held RGBD sensors.
Our contributions include 1) modeling highly specular ob-
jects, 2) modeling inter-reflections and Fresnel effects, and
3) enabling surface light field reconstruction with the same
input needed to reconstruct shape alone. In cases where
scene surface has a strong mirror-like material component,
we generate highly detailed environment images, revealing
room composition, objects, people, buildings, and trees vis-
ible through windows. Our approach yields state of the art
view synthesis techniques, operates on low dynamic range
imagery, and is robust to geometric and calibration errors.

1

Figure 1.3: From a hand-held RGB-D sequence of an object (a), we reconstruct an image

of the surrounding environment (b, top) that closely resembles the real environment (b,

bottom), entirely from the specular reflections. Note the reconstruction of fine details (c)

such as a human figure and trees with fall colors through the window. We use the recovered

environment for novel view rendering.

of chips, we can reconstruct a detailed image of the surrounding room including windows,

human silhouette, or even trees outside the window (Figure 1.3).

These environment reconstructions, which I call specular reflectance maps (SRMs), rep-

resent the distant environment map convolved with the object’s specular surface material.

As most scenes are composed of a mixture of materials, each scene has multiple basis SRMs,

one for each material. I therefore reconstruct a global set of SRMs, together with a weighted

material segmentation of scene surfaces through a joint optimization. Based on the recovered

SRMs, together with additional physically motivated components, I build a neural render-

ing network capable of faithfully approximating the appearance of a complex scene from all

viewpoints (Fig. 1.4).

Using the proposed system, a user can obtain a surprisingly detailed image of the envi-

ronment simply by waving a hand-held camera. The environment image can then be used

as an input to the neural rendering network to construct a photo-realistic scene model, re-

placing the panorama image required in Chapter 3. This rendering scheme can model the
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(a) Ground Truth (b) Synthetic Rendering (c) Specular Component

Figure 1.4: Novel view rendering results for various scenes. The recovered SRMs allow ren-

dering the specular component (c) for each view, which is provided as input to the rendering

neural network that predicts a photo-realistic synthetic rendering (b) that appears close to

the actual photographs (a). Note that some of the ground truth reference images have black

“background” pixels inserted near the top and left borders where reconstructed geometry is

missing, to provide equal visual comparisons to rendered images.
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(a) Camera Trajectory (b) Reference Photo (c) Ours (d) Thies [230]

Figure 1.5: View extrapolation to extreme viewpoints. Novel view synthesis experiment on

test views (red frusta) that are very far from any of the input views (black frusta) (a). The

view predictions of Thies [230] (d) are notably different from the reference image (b). Our

method (c) produces images with highlights appearing at correct locations.

appearance of complex scenes with specular surfaces, interreflections, and convex objects,

effects that are most often ignored by the works in the literature. Notably, the combination

of physically-based and learning-based neural network modeling leads to excellent general-

ization across viewpoints, evidenced by its superior performance in view-extrapolation, a

task of predicting views that are far from any of the input views (Fig. 1.5). This ability

to reconstruct the full scene appearance from sparse input images significantly reduces the

user’s efforts for scanning, as described in the above Criteria 2.

While the above system achieves scanning with a hand-held camera, it can only recon-

struct the part of the scene visible in the input video sequence. To reconstruct all surfaces,

an user must scan every corner of a scene, which is infeasible for most cases. Therefore, an

ideal casual scanning system should be able to complete unobserved parts of the scene.

Automatically completing partial data, however, is a challenging problem that requires

extracting recurring features and patterns from a large dataset. In the 2D domain, deep

convolutional neural networks (CNNs) [135], which operate on 2D grids of pixels, have been

successfully adopted for image completion [146]. Processing a 3D grid of voxels with a 3D
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Decision 
boundary
of implicit 
surface

(a)

(b) (c)

Code

(x,y,z)

SDF

Figure 1.6: Left: DeepSDF [182] representation applied to the Stanford Bunny: (a) depiction

of the underlying implicit surface SDF = 0 trained on sampled points inside SDF < 0 and

outside SDF > 0 the surface, (b) 2D cross-section of the signed distance field, (c) rendered

3D surface recovered from SDF = 0. Right: DeepSDF network architecture takes input as a

shape-conditioned latent code concatenated with a query xyz position and outputs the SDF

prediction.

(a) Input Depth (b) Completion (c) Second View (d) True Shape (e) 3D-EPN

Figure 1.7: For a given depth image visualized as a green point cloud, we show a comparison

of shape completions from our DeepSDF approach against the true shape and 3D-EPN [50].
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CNN is perhaps the most intuitive extension to the 3D domain, but the 3D CNNs scale

poorly in memory and time [249, 50]. Furthermore, more compact 3D representations such

as point clouds cannot describe dense surfaces, and triangle meshes come with arbitrary

topology that makes them difficult to process with a neural network. The lack of effective

representation has limited the fidelity and applicability of deep learning approaches in 3D.

To overcome the above challenges, I designed a new 3D representation suitable for deep

learning, which I call DeepSDF, that is more efficient and expressive [182]. This approach uses

the concept of a Signed Distance Function (SDF), but unlike common surface reconstruction

techniques which discretize this SDF into a regular grid for evaluation and measurement

denoising, we instead learn a generative model to produce such a continuous field.

The key idea is to directly regress the continuous signed distance field using a neural

network. A signed distance function is a volumetric field where the magnitude at a point

represents the distance to the closest surface boundary, and the sign indicates whether the

point is inside or outside of the shape. Thus the surface is implicitly represented as zero-

level-set, where the SDF value is equal to zero (Fig. 1.6). I regress this signed distance

function using a fully connected neural network that takes as input an xyz coordinate and

outputs the predicted SDF value of that position.

The proposed continuous representation may be intuitively understood as a 3D classifier

that predicts whether a point is inside or outside of the shape, and thus its decision boundary

is the surface of the shape itself. The learned DeepSDF models high quality continuous

surfaces with complex topologies, and obtain state-of-the art results in shape modeling and

completion (Fig. 1.7), while having orders of magnitude smaller network size than voxel-

based methods. These results suggest that the proposed coordinate-based volumetric field

modeling is a promising new direction for using deep learning in 3D.

Training of DeepSDF model, however, requires a dataset of aligned single objects, limiting

its applicability to real-world scenes with objects in arbitrary poses. Therefore, in Chap-

ter 6, I build on top of the continuous representation to improve two important features:

modeling transformation of objects and multi-object scenes. Directly extending DeepSDF to
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(a) Input Depth (b) Completion

(c) Second View (d) Ground truth

Figure 1.8: Multi-object completion result. For a given depth image of a scene with three ob-

jects visualized as a green point cloud (a), I run my shape completion algorithm of Sec. 6.3.2.

The completion result (b,c) is of high quality and close to the ground truth shapes (d).

non-aligned shape modeling would be ineffective, as DeepSDF relies on absolute global co-

ordinates. I solve this problem by dividing the target volume into a grid of voxels and apply

the DeepSDF technique within the local voxel coordinate system to introduce translational

invariance. Then, I train a generative model that produces a voxel grid of local DeepSDF

models given a latent vector.

The proposed generative model can reconstruct an object with arbitrary pose by pro-

jecting the object shape onto the latent space via gradient descent optimization. In order
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to model a scene with more than one object, one can simply initialize some number of la-

tent vectors and jointly optimize them in order to fit the scene surface points. Because

the generative model contains priors of a completed object, the projection of partial multi-

object observations onto the latent space will automatically result in a scene with completed

objects (Fig. 1.8). The proposed technique for modeling multi-object scenes opens up a

door for real-world scene completion to build a casual reconstruction system, as described in

Critera 3.

Overall, this thesis makes the following two contributions towards casual photo-realistic

reconstruction. First, I introduce realistic appearance and environment reconstruction sys-

tems from a casual scanning. Second, I propose an effective representation for 3D machine

learning that helps reconstructing a plausible scene shape from partial observations. The

remainder of the thesis is organized as follows. Chapter 2 reviews the related works in the

literature ranging from traditional 3D reconstruction approaches to recent developments of

neural implicit representations. In Chapter 3, I describe a casual system for modeling high

quality appearance from a hand-held RGB-D camera and its IR laser. Chapter 4 introduces

a system capable of jointly recovering high quality environment image and a scene appear-

ance model only from a hand-held camera. In Chapter 5, I introduce the new continuous 3D

representation suitable for 3D deep learning, and, in Chapter 6, I extend it to be applied to

the multi-object scene completion task, which could ultimately alleviate the users’ need to

scan every corner of the target scene.
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Chapter 2

RELATED WORK

In this report, I describe previous work broadly related to 3D reconstruction. This

not only includes physically motivated 3D geometry and appearance reconstruction, but

also includes learning-based techniques using various 3D representations. This section also

surveys the recent development of neural network-based implicit 3D representations, and

deep representation learning techniques that enable automatically discovering the features

needed for data processing, generation, or completion.

2.1 3D Reconstruction and Inverse Rendering

The image formation process starts with environment light, which gets reflected, refracted,

or scattered on a 3D surface point, directing some of the light to the camera. The incoming

light is then recorded by the camera sensor – this process is commonly approximated using

the pinhole camera model with lens distortion compensations. The geometric relationship

between a 3D point and the camera coordinate frame is generally described with a 4x4 ex-

trinsic matrix that represents the rotation and translation of the camera. For more details

about the image formation process, see [224]. For many years, the computer vision commu-

nity has made attempts to invert the physical image formation process to infer 3D geometry,

surface reflectance, or environment lighting that produces the 2D images.

SLAM and SfM Simultaneous Localization and Mapping (SLAM) techniques jointly com-

pute the trajectory of the moving camera along with the map of the 3D scene geometry.

SLAM algorithms typically assume a continuous input stream such as a video sequence and

thus are useful for many real-time applications including Augmented Reality or Robotics.
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Structure from Motion (SfM) methods similarly achieve camera localization and scene map-

ping, but they often assume offline global processing of input images that are not necessarily

from a same video sequence.

SLAM or SfM methods start by processing input images with 2D point descriptors such

as SIFT [153] or SURF [14], which are known to be robust to scale, rotation, brightness,

and, ultimately, viewpoint changes. These point features are used to find matching regions

between images – the corresponding 2D points that are likely to be displaying the same 3D

point from different viewpoints. Once the correspondences are established and the outliers

filtered out (e.g. RANSAC [70]), one can solve for the relative camera positions between

pairs of images and estimate sparse 3D surface points via triangulation [224, 216].

Both SfM and SLAM methods suffer from drift, which is caused by accumulation of

relative pose estimation errors across images, especially when the camera trajectory is long

and non-overlapping. In order to mitigate drift accumulation, SfM methods conduct offline

optimization to close loops [71] or global bundle adjustment [216, 217], which involves jointly

optimizing for all camera poses and correspondences to minimize the reprojection error of

point features. Early works in the real-time SLAM literature adopts Kalman Filters [98, 54,

215] and Particle Filters [190] to recursively estimate the state vectors (i.e., camera pose)

and landmark parameters. PTAM [133] first demonstrated that the high quality tracking

(estimating the camera pose of a new frame based on current map) and mapping (updating

the current map using global optimization of key frames) can be conducted simultaneously.

More recently, ORB-SLAM systems [170, 171] expanded the robustness and versatility of

PTAM by incorporating new and existing techniques such as loop detection, pose graph

optimization for removing drifts, ORB features [200], and flexible key frame management.

For a more comprehensive review of the SLAM field, see [28].

Dense Surface Reconstruction The above feature-based methods generate a sparse

map of the environment composed of sparse 3D feature points. However, a more dense

reconstruction of scenes is often desired because it allows a better visualization experience
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accounting for occlusions and virtual-to-real collision simulation for AR.

Multi-View Stereo (MVS) [67, 79, 74, 207] refers to a class of techniques that recovers

dense 3D geometry from a set of images of a scene taken from multiple viewpoints with

known, calibrated cameras. MVS methods typically use a plane sweeping strategy to compute

a photo-consistency cost volume [209], iteratively refine a surface or volume as in [136], or

compute a set of 2D depth maps and merge them [143]. Traditional MVS techniques were

developed assuming laboratory settings with Lambertian assumptions, fixed lighting, and

small-scale scenes [207]. As online photograph datasets become widely available, newer

methods emerged for recovering dense geometry of large scale landmarks from uncalibrated

images [80]. Other works considered temporal changes of outdoor scenes or support relighting

capabilities [211]. There is a large corpus of work on MVS over the decades; I refer readers

to [207, 73] for a more detailed overview of the field.

To enable dense scene reconstruction in real-time, direct SLAM methods [66, 65, 64,

176] track the movements of all pixels in frames, as opposed to tracking feature points,

optimizing for the per-pixel depth and camera pose by minimizing the photometric errors

(e.g., brightness, gradients). The direct methods not only provide denser scene reconstruction

but also enable much more robust camera tracking in featureless environments, and perform

well even with extreme motion blur [176]. On the other hand, because there are millions of

3D points in the reconstructed scene, it is highly expensive to perform global optimization

of all points and frames. As a result, direct visual SLAM methods often lack loop closure

capabilities [64, 66].

Volumetric Fusion Image-based depth maps generated by MVS or active laser sensor

systems, e.g., Kinect, can be merged into a single 3D surface through volumetric fusion,

which typically involves a voxel grid representation of a signed distance function (SDF)

[103, 47]. A signed distance function is a volumetric field where the sign indicates the inside-

outside state of a watertight surface, and its magnitude indicates the distance to the closest

surface. Fusing the input depth maps using such a non-parametric SDF representation was
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pioneered by [47], which showed that a simple weighted-average of projective SDF across

diverse viewpoints could be an effective approximation for the true SDF. KinectFusion [175]

adopted this SDF representation combined with the Iterated Closest Point (ICP) algorithm

[19] to estimate the live camera pose using model-to-frame alignment and achieves real-time

dense reconstruction. Several extensions of KinectFusion enable reconstruction of large-scale

[243], dynamic [174], or reflective [184] scenes.

Reflectance Estimation Surface reflectance is defined by how a surface reflects the in-

coming light and is most commonly described via the Bidirectional Reflectance Distribution

Function (BRDF), that models outgoing radiance as a function of incoming and outgoing

ray directions. Perhaps the simplest, and thus the most common, way of modeling BRDF

is applying Lambertian assumption, in which the incoming ray is scattered uniformly in the

surface hemisphere [13, 211, 269].

Recovering more general forms of surface BRDFs in a natural, in-the-wild setting is

challenging because it requires solving for the complex global illumination process [63]. As a

result, most existing reflectance estimation methods limit their systems’ operating range to

an isolated single object [246, 81], controlled lighting [140, 81], or spatially uniform materials

[130, 163].

Environment Lighting Estimation The most straightforward way of recovering envi-

ronment lighting is using light probes [55] (e.g., a mirror ball) or taking a 360◦ panorama

image [184]. In many cases, however, directly capturing the environment is infeasible, moti-

vating research on lighting estimation using existing cues in the scene. Indirectly estimating

lighting from a photo of a general scene is highly under-constrained, so many methods rely on

human inputs [124, 272], or apply manually designed intrinsic image priors to their solutions

[125, 13, 12, 20, 149].

Layer separation techniques recover the reflected environment from a video of plane

reflectors such as a glass picture frame [225, 213, 258, 93, 91, 271]. Recovering reflections
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from a general surface is significantly more challenging, even for humans, as the reflected

content depends strongly and nonlinearly on surface shape and spatially varying material

properties. Therefore, a number of methods seek to recover low-frequency components of

the lighting from general curved surfaces [278, 180, 155]. Such methods adopt spherical

harmonics lighting representations (following [195]) to simultaneously infer lighting and refine

geometry with diffuse surfaces. Other physically-based illumination estimation methods

solve for the BRDF and scene lighting for a single convex object, often assuming controlled

laboratory settings [246, 61, 254].

More recent learning-based approaches infer lighting from a single image to mitigate the

under-constrained nature of the lighting and material separation problem. A number of

methods train a neural network to estimate a panoramic representation of the environment

from a single image both for indoor and outdoor scenes [75, 218, 139, 104]. While these

methods produce plausible environment images, the results are not accurate and lack details

(i.e. only get the general direction of lighting)

Image-based Rendering Image-based rendering methods avoid modeling the complex

global light transport process, and instead seek to model the scene appearance by reusing

the observed radiance values from the input images. Early image-based rendering techniques

use proxy geometry to project texture and appearance onto the surface from the images to

render novel views [208, 57]. Light-field rendering methods [84, 142] instead mitigate the

need for proxy geometry by directly modeling the 5D light field of the scene through dense

view sampling. While the geometry-free methods require large number of input views, they

have an advantage of handling thin-structures, e.g. hair, or view-dependent effects. The

surface light field method [245] assumes laser-scanned accurate geometry to achieve high

quality renderings with a compact representation.

Recent work in the literature use convolutional neural networks (CNNs) to achieve high

quality image-based rendering. These include [102] that used CNNs to learn blending heuris-

tics, [230] that attached learned features to 2D texture maps or point clouds, and [3] to render
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realistic novel viewpoints. Other learning-based methods provide impressive results for local

light field reconstruction from a small number of input images [167, 166, 219, 43, 119, 275].

These methods, however, do not explicitly model physics, e.g., specular highlights, and thus

fail to extrapolate well to novel viewpoints that are far from the input viewpoints.

2.2 Learning-based 3D Reconstruction

Data-driven machine learning approaches have seen remarkable success in 2D computer vi-

sion. Convolutional neural networks have been the cornerstone for 2D vision research, en-

abling downstream tasks such as object detection, segmentation, and realistic image gener-

ation [100, 110]. For the past several years, there have been numerous attempts at applying

these learning-based techniques to 3D computer vision with various ways of representing 3D

geometry and appearance. These methods typically adopt such representations as voxels,

point clouds, or meshes in training their deep networks. In this section, I briefly describe

work in this area and refer readers to [182] for a more comprehensive review.

2.2.1 Voxel-based

Perhaps the most natural extension from 2D to 3D deep learning has been voxel-based

representations, where occupancy or other values are non-parametrically represented with a

regular volumetric grid. These methods typically train a generative model that outputs voxel-

based 3D shapes given an image or a random code [44, 249]. Other methods train a network

that takes partially filled discrete SDFs and output a completed version of the discrete SDF

in voxel form [50, 268]. These voxel-based learning approaches, however, suffer from lack of

detail and sharpness of the result because the space complexity grows exponentially with the

resolution.

2.2.2 Point-Based

PointNet [191, 192] pioneered data-driven learning methods for point-based representation

by applying multi-layer perceptrons (MLPs) to the point coordinates and abstract all the
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points using a max-pooling layer. This architecture has been widely used as a backbone

encoder for various point generation networks [1, 260]. The primary disadvantage of the

point cloud representation is that it does not describe a surface and thus not suitable for

realistic rendering or augmented reality applications.

2.2.3 Mesh-Based

Other works apply existing mesh parameterization techniques to describe 3D surfaces by

warping a 2D plane [212, 159]. These methods depend heavily on the choice of the hand-

designed 2D parameterization algorithms. [89, 16] learn the 2D parameterization using a

set of 2D planes, but report that the planes are not stitched well together, thereby generat-

ing non-watertight surfaces. Recently, graph convolution operations have been adopted to

process and generate triangle meshes [58, 233].

2.3 Neural Implicit Representations (NIR)

In 2019, we [182] and [164, 39] have concurrently discovered that, instead of explicitly ex-

pressing geometry using voxels or meshes, implicitly expressing geometry using a neural

network provides a dramatic improvement of efficiency. Such neural implicit representation

methods train a neural network that takes an xyz-coordinate and outputs either occupancy

or an SDF value for that particular position. An explicit mesh or voxel representations can

be extracted through marching cubes [152]. These NIR techniques have subsequently been

used in such applications as robotics [267] or human reconstructions [204].

Radiance Field Modeling More recently, authors of NERF [167] realized that the neural

implicit representation could be used to model volumetric radiance fields instead of SDFs to

achieve high quality appearance reconstruction. NERF combines the volume rendering, NIR,

and positional encoding techniques from the literature to reconstruct geometry and radiance

of highly complex, reflective, and refractive scenes from a sequence of calibrated images.

Many extensions of NERF have been introduced, ranging from speeding up the training
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[147], or enabling real-time rendering [244], to modeling dynamic scenes [185]. SIREN [214]

demonstrates that replacing the ReLU activation layers with harmonic functions induces

differentiability of the MLP, which enables fitting data in the gradient domain, e.g., fitting

a signed distance field only from surface points via solving a relevant differential equation.

Pi-GAN [32] applies the SIREN architecture to train a generative model that handles a

space of 3D appearance models rather than fitting to a specific scene. Finally, recent works

have sought to unify SDF and radiance field modeling using a single MLP, to simultaneously

obtain high quality geometry and appearance [261, 238].

Scene-level Reconstruction Recent work aims to enable scene-level NIR reconstruction.

[223] applies the implicit representation for tracking and mapping to build a real-time SLAM

system. Some NIR methods [30, 115, 147] divide the target scene into a grid of voxels

and learn one latent code for each voxel to describe complex large scenes, but limit their

applications to reconstructing visible surfaces. [187, 40] apply 3D convolutional layers on the

voxel grid to learn high-level scene priors for geometry reconstruction. [262] uses a 2D CNN

that takes as input a single image to output a 3D feature volume, which can be converted

into the 3D radiance field with an MLP.

2.4 Deep Representation Learning Techniques

Representation learning techniques try to automatically discover low dimensional features

that compactly but expressively describe large and complex datasets. For a more compre-

hensive review of the field, I refer readers to [17].

Auto-Encoders Auto-encoder algorithms [202] project high dimensional input data to a

low-dimensional bottleneck (encoder) and then reconstructs the input data using the bot-

tleneck features (decoder). Thus, the bottleneck features are forced to learn compact repre-

sentations of a dataset. Auto-encoder techniques have been widely used in the 3D learning

literature [50, 222, 88], often using variational variants [22, 9] to obtain smooth and complete
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latent spaces for ease of sampling and optimization.

Generative Adversarial Networks Generative Adversarial Networks (GANs) and their

extensions [83, 110, 120] train a network that takes a randomly sampled latent code from

the prior distribution and outputs a 2D image or 3D appearance model, whose realism is

scored by a discriminator. The discriminators of the GANs are trained to discern real data

from generated ones, where the the generators are optimized to fool the discriminators. This

adversarial training allows GANs to realistically model a wide range of data distributions.

In 3D vision, GANs have been applied to voxel grids [246], and more recently, NIR-based

GANs were introduced to train a generator that can produce realistic 3D appearance model

from unlabeled images [32]. For a comprehensive review, refer to [240]

Multi-Code Generative Models Recent GAN-related methods explore using more than

one latent code to describe images, as the traditional single code-based GANs are known to

be incapable of describing scenes with multiple objects and complex structures. [90] uses

multiple copies of a trained StyleGAN [123] network to discover multiple latent variables

that, when overlayed together, explain an input image. More recently, the Transformer ar-

chitecture [232], used in NLP community, has been applied to GANs, successfully generating

multi-object scenes using multiple codes [108] (this paper also provides a more comprehensive

review of the multi-code generative models). Slot Attention [148] uses an iterative attention

mechanism to reduce a given image into slots of latent vectors, each of them representing a

salient object. In the 3D domain, GIRAFFE [178] learns a latent space of 3D appearance

models of single objects without explicit supervision of object segmentation, and obtains a

high quality generative model for sampling compositional scenes.
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Chapter 3

APPEARANCE RECONSTRUCTION WITH RGB-D SENSORS

In this chapter, I introduce a hand-held scanning approach for reconstructing highly

realistic digital representations of shiny objects. In particular, the proposed system takes

input from a hand-held commodity RGB-D imaging system, e.g., Microsoft Kinect or Apple

iPhone, to achieve high-quality appearance modeling, via leveraging the infrared laser system

that comes with an off-the-shelf RGB-D sensor.

The advent of commodity RGB-D sensing, first mass-produced by Microsoft, has led to

great progress in 3D shape reconstruction. The modern real-time dense geometry recon-

struction systems provide interactive visual feedback of the scanning process that greatly

lowered the barrier for 3D applications. The real-time scanning capabilities have promoted

the development of consumer Augmented Reality devices equipped with RGB-D sensors,

including Microsoft Hololens and Apple iPhone [48, 175, 243].

Despite the progress in geometry reconstruction, however, the appearance of scanned

models is often unconvincing, as the textures are often washed out and the specular highlights

are baked into the texture. In particular, modeling of the specular highlights had been widely

overlooked in the casual 3D reconstruction approaches [216, 175]. This is because the view-

dependent reflections (Bidirectional Reflectance Distribution Function, or BRDF) and global

light transport (shadows, interreflections, subsurface scattering) are challenging to model.

Rather than attempt to fit BRDFs and invert global light transport, an alternative is

just to model the radiance (in every direction) coming from each surface point. This rep-

resentation, known as a surface light field [245], captures the scene as it appears from any

viewpoint in its native lighting environment.

I present the first Kinect Fusion-style [175] approach designed to recover surface light
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fields. This approach convincingly reproduces view-dependent effects such as specular high-

lights, while retaining global effects such as diffuse interreflections and shadows that affect

object appearance in its native environment. To achieve this capability, I approximate the

full surface light field by factoring it into two components: 1) a local specular BRDF model

that accounts for view-dependent effects, and 2) a diffuse component that factors in global

light transport.

The resulting approach reconstructs both shape and high quality appearance, with about

the same effort needed to recover shape alone – I simply require a handful of IR images taken

during the usual scanning process. In particular, I exploit the IR sensor in commodity depth

cameras to capture not just the shape, but also the view-dependent properties of the BRDF

in the IR channel. My renderings under environment lighting capture glossy and shiny

objects, and provide limited support for anisotropic BRDFs.

This chapter makes the following contributions. The first is my novel, factored, surface

light field-based problem formulation. Unlike traditional BRDF-fitting methods which enable

scene relighting, I trade-off relighting for the ability to capture diffuse global illumination

effects like shadows and diffuse interreflections that significantly improve realism. Second, I

present the first end-to-end system for capturing full (non-planar) surface light field object

models with a hand-held scanner. Third, I introduce the first reconstructions of anisotropic

surfaces using commodity RGBD sensors. Fourth, I introduce a high-resolution texture

tracking and modeling approach that better models high frequency details, relative to prior

Kinect Fusion [175] approaches, while retaining real-time performance.

3.1 Problem Formulation and Related Work

The input to the system is an RGBD stream and infrared (IR) video from a consumer-grade

sensor. The output is a shape reconstruction and a model of scene appearance represented by

a surface light field SL, which describes the radiance of each surface point x as a function of

local outgoing direction ωo and wavelength λ: SL(x,ωo, λ). I introduce a novel formulation

designed to effectively represent and estimate SL. I start by writing SL in terms of the
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rendering equation [118]:

SL(x,ωo, λ) =

∫
Ω

E(x,ωi, λ)f(x,ωo,ωi, λ)(nx · ωi)dωi,

(3.1)

where E denotes global incident illumination, f surface BRDF, ωi incident direction, and

nx surface normal.

Prior work on modeling SL uses either parametric BRDF estimation methods or non-

parametric image-based rendering methods.

BRDF estimation methods [82, 140, 247, 248] solve for an analytical BRDF f by sepa-

rating out the global lighting E. Accurately modeling the global light transport, however, is

extremely challenging; hence most prior art [82, 140, 247, 248] simply ignore global effects

such as shadows and interreflections, assuming the scene surface is convex. Occlusions and

interreflections cause artifacts under this assumption, so some methods [247, 248] require a

black sheet of paper below the target object to minimize these effects.

Image-based rendering techniques [36, 168, 245] avoid this problem by nonparametrically

modeling the surface light field SL, via densely captured views on a hemisphere. However,

the dense hemispherical capture requirement is laborious, and therefore not suited to casual

hand-held scanning scenarios. While the recent neural network-based implicit representation

approaches [167, 262, 185, 147] achieves photo-realistic radiance modeling, they still require

a wide range of input viewpoints around the hemisphere to model the full appearance model

of a scene.

I address these two issues by 1) empirically capturing the diffuse component of the appear-

ance that factors in the global lighting, and 2) analytically solving for specular parameters

leveraging the built-in IR projector.

Specifically, I further decompose SL into a diffuse termD, specular term S with wavelength-
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independent BRDF (as in the Dichromatic model [210]), and residual R:

SL(x,ωo,λ) =

∫
Ω

E(x,ωi, λ)fd(x, λ)(nx · ωi)dωi︸ ︷︷ ︸
D(x,λ)

+

∫
Ω

Ed(x,ωi, λ)fs(x,ωo,ωi;β)(nx · ωi)dωi︸ ︷︷ ︸
S(x,ωo,λ)

+R(x,ωo, λ), (3.2)

where fd is diffuse albedo, fs specular component of BRDF with parameters β, and Ed direct

illumination; I ignore specular interreflection.

Rather than infer diffuse albedo fd as in [82, 140, 247, 248], I simply capture the diffuse

appearanceD directly in a texture map (the concept referred to as a “lightmap” in the gaming

industry). I thereby make use of the rich global effects like shadows and interreflections that

are captured in D but avoid the difficult problem of factoring out reflectance and multi-

bounce lighting. In doing so, I give up the ability to relight the scene, in exchange for the

ability to realistically capture global illumination effects.

The specular term S is approximated by recovering a parametric BRDF fs with an

active-light IR system, assuming that fs is wavelength-independent. S captures the specular

properties of dieletric materials like plastic or wood and non-colored metals like steel or

aluminum [210, 226, 265].

I assume the residual R to be negligible - as such, my approach does not accurately model

colored metals like bronze or gold, and omits specular interreflections.

Overall, my formulation has two main advantages. First, I realistically capture diffuse

global illumination effects in SL without explicitly simulating global light transport. Second,

the specular BRDF is analytically recovered from only a sparse set of IR images, removing the

need for controlled lighting rigs [106, 140, 265] and extensive view sampling [36, 112, 168, 245].

Other Related Works Some authors explicitly model global light transport, as in [150]

and, to a lesser extent, [197] that assumes low-frequency lighting and material. However, this
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requires solving a much more difficult problem, and the authors note difficulties in recovering

highly specular surfaces and limit their results to simple, mostly uniform textured objects.

[112] captures a planar surface light field with a monocular camera using feature-based

pose tracking. Although [112] removes the need for special gantries used in [142, 245], it still

requires a dense sampling of the surface light field, making it hard to scale beyond a small

planar surface.

A few other authors utilize IR light and sensors to enhance the estimation of surface

properties. [41] observes that many interesting materials exhibit limited texture variations

in the IR channel to estimate the geometric details and BRDF. [42] refines a reconstructed

mesh with shading cues in the IR channel. [128] leverages an IR sensor to add constraints

to the intrinsic image decomposition task.

3.2 Computing the Specular Components

In this section, I assume that the geometry is already reconstructed and focus on estimating

S, the view-dependent component of the surface light field. I assume that the material varies

over the surface of the object or scene, but that there is a relatively small number of material

clusters which estimates can be aggregated. I begin by calibrating the infrared (IR) system

attached to the depth sensor and describe how to measure material properties in the IR

channel for each material.

3.2.1 IR Projector Modeling

BRDF Estimation in the IR Channel I leverage the IR projector built-in to most

depth sensors as a point light source. Because I know the projector location relative to the

camera along with the scanned geometry, the surface BRDF can be estimated.

One challenge, however, is that the IR projector is typically not uniform – I use a Prime-

sense structured light sensor that generates complex speckle patterns (Fig. 3.1).

I take a simple approach to select pixels that are lit by the projector: I divide the IR

image into a grid structure and keep the brightest pixel within each 5x5 grid (Fig. 3.1). The
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Figure 3.1: IR image (left), zoomed in (top-right) and local maximum subsampled image

(bottom-right). Best viewed digitally.

intensity of such pixel is averaged with its four-neighborhood. Throughout the chapter, a

pixel in the IR image refers to this local maximum intensity. For simplicity, I consider only

the central 192x192 region, to minimize the effects of vignetting and radial distortion.

Despite the usage of the structured light sensor, the system can be easily generalized to

other depth sensors with a projector and a receiver pair. For example, I refer readers to [128]

for a time-of-flight projector model.

IR Projector and Camera Calibration With constant exposure time, the IR projec-

tor’s light intensity κ and the camera’s gamma compression parameter γ is optimized as

following by capturing a white piece of paper whose albedo is assumed to be 1:

min
κ,γ

∑
x∈P

(
L(x)−

(
κ
nx · lx
πd2

x

)γ)2

, (3.3)

where L(x) is observed IR intensity at a pixel x in a collated pixel set P over multiple

images, and nx, lx and dx are normal, light direction and distance to the light source of the

surface point seen by x, respectively. Following [42], I assume indoor ambient IR light is

negligible.
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3.2.2 Per-Segment BRDF Estimation

Specular Reflection Model Renaming the directions ωo and ωi in Eq. (3.2) as local

view vx and light directions lx respectively, I denote the specular component of the BRDF

as fs(vx, lx;β), where β is a vector of BRDF parameters that decides the reflectance distri-

bution. In this work, I use the Ward BRDF model [241] for its simplicity and applicability

to a variety of materials.

Material Segmentation Accurately fitting BRDF parameters for each individual point

requires observing specular highlights for all surface points, which is prohibitively expen-

sive. Therefore, estimating a single BRDF for a region with shared reflectance properties is

essential for a practical and robust system. To identify regions of the surface with similar

material, I apply an image segmentation method [15] using a Convolutional Neural Network

(CNN) for semantic material classification, adapted to operate on a mesh rather than an

image (Figure 3.2). I first convert the patch classifier into a Fully Convolutional Network

[151] for dense class predictions (as in [15]) but increase the resolution of the output signal

using Dilated Convolution [263]. At each input frame, the output probability map from the

softmax layer is projected and averaged into the vertices of the meshM = {V , E}. I consider

the mesh connectivity as a Markov Random Field and obtain the final vertex material label

y by minimizing the following energy function:

Φ(y) =
∑
v∈V

ψv(yv) +
∑

{m,n}∈E

ψm,n(ym, yn), (3.4)

where the data term ψv(yv) of the MRF is the standard negative log likelihood at vertex v:

ψv(yv) = − log(pi(yv)), and ψm,n(ym, yn) is the pairwise term.

The pairwise term incorporates both a photometric and a geometric smoothness prior:

ψm,n(ym, yn) = 1[ym 6=yn](
λp exp(−θp||cm − cn||2) + λg

(g(m,n) + ε)

||N (m)−N (n)||2

)
,
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where λp, λg, θp, ε are balancing parameters, and N and c are the vertex normal and color,

respectively. Here, g(m,n) is an indicator function designed to penalize concave surface

transitions as in [137]:

g(m,n) = (N (m)−N (n)) · (V(m)− V(n)) > 0,

where V is the vertex location. The optimal label y for Φ(y) is estimated via graph cuts

[25].

Specular BRDF Optimization For each material segment, the specular parameters β

that best explain the IR video are estimated. Each pixel x in an IR frame constrains the

shared specular parameters β and the IR diffuse albedo ρ(x) of a surface point. I thus

minimize the difference between the actual intensity L(x) and the prediction from my model

to obtain the optimal β and IR diffuse albedo ρ:

min
β,ρ

∑
x∈P

(
L(x)−

(
κ
nx · lx
d2
x

(
ρ(x)

π
+ fs(vx, lx;β)

))γ)2

, (3.5)

where the set P collates pixels over all frames. The resulting β is used to describe fs, and

thus S.

The full optimization involves estimating hundreds of thousands of parameters from mil-

lions of pixels. So, in practice, I exploit the interactive nature of the scanning process to have

the user choose a small subset of frames over which to optimize. These frames are chosen

such that a specular highlight is observed in the IR channel and each material is captured at

least once. When a material is captured in only one frame, Eq. 3.5 is solved with spatially

constant diffuse albedo. Choosing reference views of convex surface regions improves the

specularity estimation by reducing the impact of interreflections. The optimization is solved

with Levenberg-Marquardt method [160]. (Fig. 3.3)

Anisotropic Surfaces Many common reflective surfaces (especially wood and metal)

reflect light anisotropically. I therefore extend my approach to model anisotropy for a limited

class of surfaces (planes and cylinders) that occur frequently in man-made scenes.
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Fabric Wood Polished Stone Stone

PlasticPainted Wall

Metal

No Geometry

Figure 3.2: Material segmentation results. The first row shows pictures of target scenes,

and the second row shows 3D material segmentation results. Note that the segmentation

algorithm works on the reconstructed mesh instead of a single image.
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Figure 3.3: Specular BRDF fitting results for two scenes, plotting specular components

versus half angles of pixel observations along with the fitted prediction curves.

For an anisotropic surface, solving Eq. (3.5) requires estimating tangent and binormal

vectors at each surface point. Among other methods in the literature [78, 237], [106] suggests

a photometric approach to estimate the per-point tangent vector by projecting half vectors

onto the tangent plane and finding the direction that maximizes symmetry. Applying this

technique in our context means densely observing each surface point from many different

viewpoints, which is infeasible in a casual hand-held scanning session. I therefore assume

that the tangent vector is shared across a material segment, i.e., the surface is planar or

cylindrical.

Each pixel x in an IR frame has an associated half-vector hx and normal vector nx of

the surface point represented in global coordinates and intensity L(x). To determine a single

representative tangent plane PR, I choose a pixel with the smallest half-angle (angle between

half-vector and local normal) as a reference, with its normal nR. Half-vectors of all other
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Figure 3.4: Anisotropic surface fitting results. From left to right: Photo of the target surface

(brushed metal cylinder and planar wood surface); Image captured from IR camera; our

rendering from the same camera pose; Tangent plane of the reference point where half-

vectors of observations are projected (the yellow line is the optimal tangent vector that

maximizes symmetry). Best viewed digitally.

pixels relative to its local normal are projected onto the tangent plane of the reference point:

PR(ProjnR
(nR + hx − nx))← L(x). (3.6)

The discretized tangent plane is then smoothed with Gaussian filtering to get the dense

BRDF slice as in Figure 3.4. I then use the Nelder-Mead Simplex Method [173] to find

the tangent and binormal vectors that maximize the symmetry [106]. Given the estimated

tangent vector, the BRDF parameters β for the anisotropic surface are computed through

Eq. (3.5), but with spatially constant diffuse albedo (Fig. 3.4).
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3.3 Computing the Diffuse Component

In this section, I describe how to obtain high quality scene texture in real-time and iteratively

remove baked-in specular highlights as a post-processing step.

Real-time High Resolution Texture (HRT) Fusion High quality texture is essential

to the perceived realism of scene appearance. While interactive RGBD scanning has seen

great progress on delivering quality geometry [48, 243], the state-of-the-art systems still

produce low-resolution reconstructions with blurring and ghosting artifacts.

Recently, global pose optimization approaches [273] and its patch-based variants [21] have

produced impressive texture mapping results. However, these methods work offline and thus

cannot provide interactive visual feedback to users on which part of the current model is

missing texture or needs close-up scanning.

I show that a high resolution texture representation combined with GPU-accelerated

dense photometric pose optimization [129, 243] can greatly improve the real-time scanning

quality (Figure 3.5). I also propose a gradient-based objective function and generalized

specular highlight removal algorithm for handling non-Lambertian surfaces.

3.3.1 Preliminaries

I adopt Kinect Fusion [175] to obtain the scene geometry and refine the extracted mesh using

the method of [114]. I denote the final mesh, vertex set, and vertex normal set as M, V ,

and N , respectively.

The focal length f and principal point c of the camera are estimated to form a calibration

matrix K. I define a projection operator π : R4 7→ R2 from a 3D homogeneous point to a

2D point on image plane: π(p) :=
(
px
pz
fx + cx,

py
pz
fy + cy

)
. The rigid body transformation of

the camera at time i relative to the first frame is:

Ti =

R t

0 1

 : R ∈ SO3, t ∈ R3, (3.7)



34

(a) [243] (b) My Method (c) [243] (d) My Method

Figure 3.5: Comparison of texture quality with a state-of-the-art method [243]. The first

and third columns show reconstruction results of [243], while the second and fourth show my

results. The second row shows magnified patches of the green boxes. Best viewed digitally.
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where a 3D point p in local camera coordinates can be transformed to a point in global

coordinates as p′ = Tip. I calibrate low polynomial radial and decentering distortion [26] pa-

rameters, and each RGB frame is undistorted accordingly. All RGB images are compensated

for vignetting after radiometric calibration [131].

3.3.2 Texture Representation

I represent the color texture of the model as a 2D texture atlas [156] A that stores RGB

values and associated weights. I parameterize the meshM by simply laying each triangle on

A without overlap. For each pixel u on the texture plane, its 3D position can be computed

through barycentric interpolation, denoted as u3d.

3.3.3 Rendering for Appearance Prediction

Using the rasterization pipeline, I can render a high resolution prediction of the scene appear-

ance Ri along with a depth map Zi and normal map into a camera with estimated pose Ti.

This high resolution rendering provides constraints for pose optimization for the upcoming

input frame.

3.3.4 Texture Update

Given its estimated pose Ti, each RGB frame Ii is densely fused into the texture atlas. I

compute the color input of a texture pixel u ∈ Ω by projecting the corresponding 3D point

u3d onto the bilinearly interpolated image Ii with depth testing. Specifically, let x be a point

on the image plane of Ii obtained from perspective projection of u3d. The color measurement

Ii(x) is blended into A(u) through weighted averaging with weight wi(x) associated with x

at time i. I assign high weights to reliable and important color observations:

wi(x) = mizi(x)si(x). (3.8)

Here, mi accounts for motion blur and rolling shutter effects that occur during fast camera

motions measured by the L2 distance between translation and rotation components of Ti−1
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and Ti. zi(x) rejects pixels on depth discontinuities where estimated geometry is unreliable.

Finally, measurements close to the surface and near perpendicular to it provide sharper

texture, yielding the importance term si(x):

si(x) =
nx · vx
Z2
i (x)

. (3.9)

3.3.5 Frame-to-Model Photometric Pose Refinement

To estimate the camera pose Ti, I use a frame-to-model RGBD dense alignment approach,

minimizing the photometric error between the live frame Ii and the previous frame’s render-

ing Ri−1 on top of traditional dense point-plane Iterative Closest Point algorithm [175].

Unlike previous real-time RGBD tracking methods [129, 243], my 2D texture atlas can

store higher frequency photometric details compared to commonly used surfels or volumetric

textures, providing tighter pose constraints.

Dense RGBD alignment techniques aim to find a relative rigid body transformation T ◦ =

T−1
i Ti−1 that minimizes photometric error when Ii is warped into the reference image Ri−1

with the corresponding geometry represented by the reference depth map Zi−1. For a pixel x

on image plane Λ of Ri−1, I get a 3D point px in local coordinates through back-projection:

px = Zi−1(x)K−1x .

I can then look up how this point appears in the live input image: Ii(π(T ◦px)). Modern

dense alignment techniques then minimize greyscale photometric error between Ri−1(x) and

Ii(π(T ◦px)) under a quadratic loss.

For my application, however, maximizing photoconsistency does not necessarily results

in accurate camera tracking since specular surfaces can appear significantly different across

viewpoints. I find that applying a high-pass filter to images improves tracking accuracy and

therefore modify the objective to operate on the gradient of the predicted and live images.

The optimal transformation T̂ ◦ is then:

T̂ ◦ = arg min
T ◦

∑
x∈Λ

(
||∇RGi−1(x)|| − ||∇IGi (π(T ◦px))||

)2
, (3.10)
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where the superscript G denotes greyscale images.

The intuition is that the high-pass filter reduces each specular highlight (which can be

large) to its boundary, and the boundary tends to be lower frequency than the underlying

diffuse texture, as the specular BRDF acts as a low-pass filter on the incident illumination

[195].

3.3.6 Specular Highlight Removal

The resulting texture has specular highlights “baked-in”, which need to be removed to obtain

D. This problem can be posed as a layer separation problem [46, 258], to separate the

stationary diffuse texture from the view-dependent specular layer. Specifically, [225] proposes

the min-composite, i.e., minimum intensity values across all viewpoints, to approximate (via

least upper bound) the diffuse layer.

I use Iteratively Reweighted Least Squares (IRLS) [85] to robustly compute the min-

composite. For a given pixel on the texture map, computing its weighted average q̂ as

in Section 3.3.4 is equivalent to finding the solution of a weighted least squares problem

arg minq̂
∑

iwi (qi − q̂)
2, where qi is the ith intensity input, wi is the weight of the input

computed in equation (3.8). IRLS filters out the highlights by down-weighting bright outliers

in each iteration:

q̂t+1 = arg min
q̂

∑
i

µτ,υ(q̂
t, qi)wi (qi − q̂)2 , (3.11)

µτ,υ(q̂
t, qi) =


1 qi ≤ q̂t + τ

exp(− (q̂t+τ−qi)2
υ2

) qi > q̂t + τ.

(3.12)

In practice, one or two iterations is sufficient. (Figure 3.6)

While this approach is effective for surfaces with significant diffuse components, it fails

for metallic surfaces with negligible diffuse reflection. Fortunately, I can leverage the IR

BRDF measurements (Sec.3.2) to identify such surfaces; I set D to zero for any surface

whose estimated diffuse albedo is less than 0.03 and specular albedo greater than 0.15.
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Figure 3.6: Specular highlights are removed from (a) by computing a min-composite via

Iteratively Reweighted Least Squares. (b) shows the estimated D and (c) the difference heat

map.

3.4 Experiments

I conducted qualitative and quantitative experiments to assess my method. All experiments

use a calibrated Primesense Carmine RGBD sensor capturing 640x480 video at 30Hz for

RGB and IR channels, synchronized with the same size depth video. Exposure time was set

to be constant within each sequence. The system runs on a laptop with a NVIDIA GTX

980M GPU and an Intel i7 CPU.

3.4.1 HRT Tracking Evaluation

I evaluate the performance of my texture fusion method by measuring photometric error be-

tween the rendered and ground truth images for a held-out sample of frames. For comparison,

I replace my HRT tracking with existing real-time camera tracking methods and evaluate the

photometric error on a video of a highly textured Lambertian scene. I test RGBD tracking

methods using a combination of frame-to-model Iterative Closest Point (ICP) [175], frame-

to-frame (f2f) RGBD tracking [129, 220], and frame-to-model RGBD tracking (f2m) [243]. I

did not implement loop closure techniques introduced in the state-of-the-art approaches such
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(a) Ground-truth

(b) Ours

(c) Frame-to-Model [243]

(d) Frame-to-Frame [129]

Figure 3.7: Ground-truth image and predicted rendering of 3D models reconstructed from

different tracking methods. The visualization shows magnified patches of the green box.

as that of [48, 243] as my target scenes are of smaller scale where tracking drift is limited.

Figure 3.7 compares the quality of texture fused using camera poses provided by each

algorithm. My high resolution frame-to-model tracking yields the sharpest result.

For a quantitative measure, I adopt the evaluation method introduced by [234] and

compute the pixel-wise root-mean-square-error (RMSE) and 1-NCC error (for different patch

sizes) between the ground-truth and rendered texture reconstruction. I refer to [234] for the

precise procedure. Results can be found in Table 3.2.
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Error/Method ICP f2f f2m ours

RMSE 0.1361 0.1177 0.1184 0.0902

1-NCC(3x3) 0.7220 0.6124 0.6521 0.4692

1-NCC(5x5) 0.6510 0.5430 0.5689 0.3877

1-NCC(7x7) 0.5999 0.5043 0.5138 0.3491

Table 3.2: Photometric Errors of Tracking Methods

3.4.2 Surface Light Field Rendering Results

To render a reconstructed model, I use D represented as a texture map and implement

a custom shader to evaluate S with a HDR environment lighting which is captured from a

consumer-grade 360 degree camera by taking several photos with varying exposure times [56].

Figure 3.8 compares the reconstructed surface light field of test scenes with real photographs.

These results demonstrate that my method can successfully recover surface light fields

under a wide range of geometry, material, and lighting variations. The Rooster scene fea-

tures challenging high-frequency textures and shiny ceramic surfaces, captured under office

florescent lights. My method can accurately reproduce sharp diffuse textures and specular

highlights. The Corncho scene contains a bumpy specular vinyl surface captured near a large

window. Notice the faithful soft-shadows and strong interreflections on the white floor ex-

pressed in the renderings. The Dog scene has significant self-occlusions. A bright directional

lamp illuminates the object from a short distance, inducing strong specularities and sharp

shadows. My system faithfully reconstructs these effects. The Bottle scene contains a highly

anisotropic brushed metal cylinder and a glossy black plastic cap. The results show that my

system successfully recovers the vertically elongated specular highlights on the metal surface.

Also notice that the relative specular reflectance of the two glossy materials are estimated

correctly.
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3.5 Limitations and Conclusions

My proposed system is unable to model near perfect mirrors or surfaces with micro-structure,

due to inaccurate sensor shape measurement; e.g., tiny bumps on the Corncho model were

not captured, causing noticeable difference in the sharpness of the reflection. Moreover,

my surface light field formulation does not model colored metals such as bronze and omits

specular interreflections.

I presented the first end-to-end system for computing surface light field object models

using a hand-held, commodity RGBD sensor. I leverage a novel factorization of the surface

light field that simplifies capture requirements, yet enables high quality results for a wide

range of materials, including anisotropic ones. My approach captures global illumination

effects (like shadows and interreflections) and high resolution textures that greatly improve

realism relative to prior interactive RGBD scanning methods.
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Figure 3.8: Ground truth images and renderings. First column: Ground truth photographs.

Second column: Synthetic rendering of the same pose. Third and fourth column: Rendering

of different camera poses.
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Chapter 4

JOINT RECOVERY OF SCENE LIGHTING AND
APPEARANCE

In Chapter 3, I introduced a user-friendly system for appearance reconstruction with a

hand-held camera. The proposed approach, however, has two limitations. The first is its use

of a 360◦ camera for illumination capture, which could be a a barrier to users who may not

have such a specialized device. Second, the system is unable to model near-perfect mirrors

due to the measurement inaccuracies. Finally, the system fails to model complex surface

scattering effects (e.g., Fresnel Effect [206]) due to the use of a simple parametric BRDF

model.

In this chapter, I tackle both of these issues by addressing the dual problems of novel view

synthesis and environment reconstruction from hand-held RGBD sensors. Specifically, the

proposed approach automatically recovers scene environment from the specular highlights

(Figure 5.10), and is able to handle complex surface scattering effects such as mirror-like

reflections and interreflections via neural-network-based rendering.

In their visual microphone work, Davis et al. [53] showed how sound and even conver-

sations can be reconstructed from the minute vibrations visible in a bag of chips. Inspired

by their work, I show that the same bag of chips can be used to reconstruct an image of the

environment. Instead of high speed video, however, I operate on RGBD video, as obtained

with commodity depth sensors.

Visualizing the environment is closely connected to the problem of modeling the scene

that reflects that environment. I solve both problems; beyond visualizing the room, I seek to

predict how the objects and scenes appear from any new viewpoint — i.e., to virtually explore

the scene as if you were there. As discussed in the earlier chapters, this view synthesis problem
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Seeing the World in a Bag of Chips

Jeong Joon Park Aleksander Holynski Steve M. Seitz
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(a) Input images (b) Estimated environment (top), ground truth (bottom) (c) Zoom-in

Figure 1: From a hand-held RGBD sequence of an object (a), we reconstruct an image of the surrounding environment (b, top) that closely
resembles the real environment (b, bottom), entirely from the specular reflections. Note the reconstruction of fine details (c) such as a
human figure and trees with fall colors through the window. We use the recovered environment for novel view rendering.

Abstract
We address the dual problems of novel view synthesis and

environment reconstruction from hand-held RGBD sensors.
Our contributions include 1) modeling highly specular ob-
jects, 2) modeling inter-reflections and Fresnel effects, and
3) enabling surface light field reconstruction with the same
input needed to reconstruct shape alone. In cases where
scene surface has a strong mirror-like material component,
we generate highly detailed environment images, revealing
room composition, objects, people, buildings, and trees vis-
ible through windows. Our approach yields state of the art
view synthesis techniques, operates on low dynamic range
imagery, and is robust to geometric and calibration errors.

1

Figure 4.1: From a hand-held RGBD sequence of an object (a), I reconstruct an image of the

surrounding environment (b, top) that closely resembles the real environment (b, bottom),

entirely from the specular reflections. Note the reconstruction of fine details (c) such as a

human figure and trees with fall colors through the window. I use the recovered environment

for novel view rendering.

has a large literature in computer vision and graphics, but several open problems remain.

Chief among them are 1) specular surfaces, 2) inter-reflections, and 3) simple capture. In

this chapter I address all three of these problems, based on the framework of surface light

fields [245].

My environment reconstructions, which I call specular reflectance maps (SRMs), represent

the distant environment map convolved with the object’s specular BRDF. In cases where

the object has strong mirror-like reflections, this SRM provides sharp, detailed features like

the one seen in Fig. 5.10. As most scenes are composed of a mixture of materials, each

scene has multiple basis SRMs. I therefore reconstruct a global set of SRMs, together with

a weighted material segmentation of scene surfaces. Based on the recovered SRMs, together

with additional physically motivated components, I build a neural rendering network capable

of faithfully approximating the true surface light field.

Like the method in the last chapter, a major contribution of this approach is the capability

of reconstructing a surface light field with the same input needed to compute shape alone

[175] using an RGBD camera. Additional contributions of my approach include the ability
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to operate on regular (low-dynamic range) imagery, and applicability to general, non-convex,

textured scenes containing multiple objects and both diffuse and specular materials.

4.1 Related Work

I review related work in environment lighting estimation and novel-view synthesis approaches

for modeling specular surfaces.

4.1.1 Environment Estimation

Single-View Estimation The most straightforward way to capture an environment map

(image) is via light probes (e.g., a mirrored ball [55]) or taking photos with a 360◦ camera

[184]. Human eye balls [179] can even serve as light probes when they are present. For many

applications, however, light probes are not available and I must rely on existing cues in the

scene itself.

Other methods instead study recovering lighting from a photo of a general scene. Because

this problem is severely under-constrained, these methods often rely on human inputs [124,

272] or manually designed “intrinsic image” priors on illumination, material, and surface

properties [125, 13, 12, 20, 149].

Recent developments in deep learning techniques facilitate data-driven approaches for

single view estimation. [76, 75, 218, 139] learn a mapping from a perspective image to a

wider-angle panoramic image. Other methods train models specifically tailored for outdoor

scenes [105, 104]. Because the single-view problem is severely ill-posed, most results are

plausible but often non-veridical. Closely related to my work, Georgoulis [77] reconstruct

higher quality environment images, but under very limiting assumptions; textureless painted

surfaces and manual specification of materials and segmentation.

Multi-View Estimation For the special case of planar reflectors, layer separation tech-

niques [225, 213, 258, 93, 91, 112, 271] enable high quality reconstructions of reflected envi-

ronments, e.g., from video of a glass picture frame. Inferring reflections for general, curved
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surfaces is dramatically harder, even for humans, as the reflected content depends strongly

and nonlinearly on surface shape and spatially-varying material properties,

A number of researchers have sought to recover low-frequency lighting from multiple

images of curved objects. [278, 180, 155] infer spherical harmonics lighting (following [195])

to refine the surface geometry using principles of shape-from-shading. [197] jointly optimizes

low frequency lighting and BRDFs of a reconstructed scene. While suitable for approximating

light source directions, these models don’t capture detailed images of the environment.

Wu [246], like us, use a hand-held RGBD sensor to recover lighting and reflectance prop-

erties. But the method can only reconstruct a single, floating, convex object, and requires

a black background. Dong [61] produces high quality environment images from a video of a

single rotating object. This method assumes a laboratory setup with a mechanical rotator,

and manual registration of an accurate geometry to their video. Similarly, Xia [254] use a

robotic arm with calibration patterns to rotate an object. The authors note highly spec-

ular surfaces cause trouble, thus limiting their real object samples to mostly rough, glossy

materials. In contrast, my method operates with a hand-held camera for a wide-range of

multi-object scenes, and is designed to support specularity.

4.1.2 Novel View Synthesis

Here I focus on methods capable of modeling specular reflections from new viewpoints.

Image-based Rendering Light field methods [84, 142, 36, 245, 52] enable highly realistic

views of specular surfaces at the expense of laborious scene capture from densely sampled

viewpoints. Chen [34] regresses surface light fields with neural networks to reduce the number

of required views, but requires samples across a full hemisphere captured with a mechanical

system. Park [184] avoid dense hemispherical view sampling by applying a parametric BRDF

model, but assume known lighting.
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Learning-based Rendering Recent work applies convolutional neural networks (CNN) to

image-based rendering [72, 165]. Hedman [102] replaced the traditional view blending heuris-

tics of IBR systems with a CNN-learned blending weights. Still, novel views are composed

of existing, captured pixels, so unobserved specular highlights cannot be synthesized. More

recently, [3, 230] enhance the traditional rendering pipeline by attaching learned features to

2D texture maps [230] or 3D point clouds [3] and achieve high quality view synthesis results.

The features are nonetheless specifically optimized to fit the input views and do not extrap-

olate well to novel views. Recent learning-based methods achieve impressive local (versus

hemispherical) light field reconstruction from a small set of images [166, 219, 43, 119, 275].

More recently, the coordinate based continuous implicit representation using neural net-

works is used for appearance modeling [167, 161]. These methods typically overfit a single

scene into a single network by modeling the pixel radiance via the integration of alpha-

blended radiance values in the ray direction (the technique referred to as Volume Rendering

[141]). Similar to the CNN-based methods, these neural implicit methods are unable to

extrapolate to a new viewpoint as it primarily focuses on interpolating between the input

viewpoints.

BRDF Estimation Methods Another way to synthesize novel views is to recover intrinsic

surface reflection functions, known as BRDFs [177]. In general, recovering the surface BRDFs

is a difficult task, as it involves inverting the complex light transport process. Consequently,

existing reflectance capture methods place limits on operating range: e.g., an isolated single

object [246, 61], known or controlled lighting [184, 57, 140, 276, 257], single view surface

(versus a full 3D mesh) [82, 144], flash photography [2, 138, 172], or spatially constant

material [163, 130].

Interreflections Very few view synthesis techniques support interreflections. Modeling

general multi-object scene requires solving for global illumination (e.g. shadows or inter-

reflections), which is difficult and sensitive to imperfections of real-world inputs [8]. Sim-
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ilarly, Lombardi [150] model multi-bounce lighting but with noticeable artifacts and limit

their results to mostly uniformly textured objects. Zhang [269] require manual annotations

of light types and locations.

4.2 Technical Approach

My proposed system takes a video and 3D mesh of a static scene (obtained via Newcombe

[175]) as input and automatically reconstructs an image of the environment along with a

scene appearance model that enables novel view synthesis. My approach excels at specular

scenes, and accounts for both specular interreflection and Fresnel effects. A key advantage of

my approach is the use of easy, casual data capture from a hand-held camera; I reconstruct

the environment map and a surface light field with the same input needed to reconstruct the

geometry alone, e.g., using [175].

Section 4.2.1 formulates surface light fields [245] and define the specular reflectance map

(SRM). Section 4.2.2 shows how, given geometry and diffuse texture as input, I can jointly

recover SRMs and material segmentation through an end-to-end optimization approach.

Lastly, Section 4.2.3, describes a scene-specific neural rendering network that combines

recovered SRMs and other rendering components to synthesize realistic novel-view images,

with interreflections and Fresnel effects.

4.2.1 Surface Light Field Formulation

I model scene appearance using the concept of a surface light field [245], which defines

the color radiance of a surface point in every view direction, given approximate geometry,

denoted G [175].

Formally, the surface light field, denoted SL, assigns an RGB radiance value to a ray

coming from surface point x with outgoing direction ω: SL(x,ω) ∈ RGB. As is common

[188, 241], I decompose SL into diffuse (view-independent) and specular (view-dependent)

components:

SL(x,ω) ≈ D(x) + S(x,ω). (4.1)
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I compute the diffuse texture D for each surface point as the minimum intensity of

across different input views following [225, 184]. Because the diffuse component is view-

independent, I can then render it from arbitrary viewpoints using the estimated geometry.

However, textured 3D reconstructions typically contain errors (e.g., silhouettes are enlarged,

as in Fig. 4.2), so I refine the rendered texture image using a neural network (Sec. 4.2.2).

For the specular component, I define the specular reflectance map (SRM) (also known

as lumisphere [245]) and denoted SR, as a function that maps a reflection ray direction ωr,

defined as the vector reflection of ω about surface normal nx [245] to specular reflectance

(i.e., radiance): SR(ωr) : Ω 7→ RGB, where Ω is a unit hemisphere around the scene

center. This model assumes distant environment illumination, although I add support for

specular interreflection later in Sec. 4.2.3. Note that this model is closely related to prefiltered

environment maps [126], used for real-time rendering of specular highlights.

Given a specular reflectance map SR, I can render the specular image S from a virtual

camera as follows:

S(x,ω) = V (x,ωr;G) · SR(ωr), (4.2)

where V (x,ωr;G) is a shadow (visibility) term that is 0 when the reflected ray ωr := ω −

2(ω · nx)nx from x intersects with known geometry G, and 1 otherwise.

An SRM contains distant environment lighting convolved with a particular specular

BRDF. As a result, a single SRM can only accurately describe one surface material. In

order to generalize to multiple (and spatially varying) materials, I modify Eq. (4.2) by

assuming the material at point x is a linear combination of M basis materials [82, 4, 277]:

S(x,ω) = V (x,ωr;G) ·
M∑
i=1

Wi(x) · SRi(ωr), (4.3)

where Wi(x) ≥ 0,
∑M

i=1Wi(x) = 1 and M is user-specified. For each surface point x, Wi(x)

defines the weight of material basis i. I use a neural network to approximate these weights

in image-space, as described next.
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(a) Diffuse image DP (b) Refined Diffuse image D′P

Figure 4.2: The role of diffuse network uφ to correct geometry and texture errors of RGBD

reconstruction. The bottle geometry in image (a) is estimated larger than it actually is,

and the background textures exhibit ghosting artifacts (faces). The use of the refinement

network corrects these issues (b). Best viewed digitally.

4.2.2 Estimating SRMs and Material Segmentation

Given scene shape G and photos from known viewpoints as input, I now describe how to

recover an optimal set of SRMs and material weights.

Suppose I want to predict a view of the scene from camera P at a pixel u that sees surface

point xu, given known SRMs and material weights. I render the diffuse component DP (u)

from the known diffuse texture D(xu), and similarly the blending weight map WP,i from Wi

for each SRM using standard rasterization. A reflection direction image RP (u) is obtained

by computing per-pixel ωr values. I then compute the specular component image SP by

looking up the reflected ray directions RP in each SRM, and then combining the radiance

values using WP,i:

SP (u) = V (u) ·
M∑
i=1

WP,i(u) · SRi(RP (u)), (4.4)

where V (u) is the visibility term of pixel u as used in Eq. (4.3). Each SRi is stored as a 2D

panorama image of resolution 500 x 250 in spherical coordinates.

Now, suppose that SRMs and material weights are unknown; the optimal SRMs and
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combination weights minimize the energy E defined as the sum of differences between the

real photos G and the rendered composites of diffuse and specular images DP , SP over all

input frames F :

E =
∑
P∈F

L1(GP , DP + SP ), (4.5)

where L1 is pixel-wise L1 loss.

While Eq. (4.5) could be minimized directly to obtain WP,i and SRi, two factors introduce

practical difficulties. First, specular highlights tend to be sparse and cover a small percentage

of specular scene surfaces. Points on specular surfaces that don’t see a highlight are difficult

to differentiate from diffuse surface points, thus making the problem of assigning material

weights to surface points severely under-constrained. Second, captured geometry is seldom

perfect, and misalignments in reconstructed diffuse texture can result in incorrect SRMs. In

the remainder of this section, I describe my approach to overcome these limiting factors.

Material weight network. To address the problem of material ambiguity, I pose the

material assignment problem as a statistical pattern recognition task. I compute the 2D

weight maps WP,i(u) with a convolutional neural network wθ that learns to map a diffuse

texture image patch to the blending weight of ith material: WP,i = wθ(DP )i. This network

learns correlations between diffuse texture and material properties (i.e., shininess), and is

trained on each scene by jointly optimizing the network weights and SRMs to reproduce the

input images.

Since wθ predicts material weights in image-space, and therefore per view, I introduce a

view-consistency regularization function V(WP1 ,WP2) penalizing the pixel-wise L1 difference

in the predicted materials between a pair of views when cross-projected to each other (i.e.,

one image is warped to the other using the known geometry and pose).

Diffuse refinement network. Small errors in geometry and calibration, as are typical

in scanned models, cause misalignment and ghosting artifacts in the texture reconstruction

DP . Therefore, I introduce a refinement network uφ to correct these errors (Fig. 4.2). I
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replace DP with the refined texture image: D′P = uφ(DP ). Similar to the material weights, I

penalize the inconsistency of the refined diffuse images across viewpoints using V(D′P1
, D′P2

).

Both networks wθ and uφ follow the encoder-decoder architecture with residual connections

[116, 100], while wθ has lower number of parameters. I refer readers to supplementary for

more details.

Robust Loss. Because a pixel-wise loss alone is not robust to misalignments, I define the

image distance metric L as a combination of pixel-wise L1 loss, perceptual loss Lp computed

from feature activations of a pretrained network [35], and adversarial loss [83, 110]. My total

loss, for a pair of images I1, I2, is:

L(I1, I2; d) = λ1L1(I1, I2) + λpLp(I1, I2)

+ λGLG(I1, I2; d),
(4.6)

where d is the discriminator, and λ1 = 0.01, λp = 1.0, and λG = 0.05 are balancing coeffi-

cients. The neural network-based perceptual and adversarial loss are effective because they

are robust to image-space misalignments caused by errors in the estimated geometry and

poses.

Finally, I add a sparsity term on the specular image ||SP ||1 to regularize the specular

component from containing colors from the diffuse texture.

Combining all elements, I get the final loss function:

SR∗,θ∗,φ∗ = arg min
SR,θ,φ

max
d

∑
P∈F

L(GP , D
′
P + SP ; d)

+ λS||SP ||1 + λV V(WP ,WPr) + λTV(D′P , D
′
Pr

),

(4.7)

where Pr is a randomly chosen frame in the same batch with P during each stochastic

gradient descent step. λS, λT and λV are set to 1e-4. An overview diagram is shown in

Fig. 4.3. Fig. 4.4 shows that the optimization discovers coherent material regions and a

detailed environment image.
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Figure 4.3: The components of my SRM estimation pipeline (optimized parameters shown

in bold). I predict a view by adding refined diffuse texture D′P (Fig. 4.2) and the specular

image SP . SP is computed, for each pixel, by looking up the basis SRMs (SRi’s) with surface

reflection direction RP and blending them with weights WP,i obtained via network wθ. The

loss between the predicted view and ground truth GP is backpropagated to jointly optimize

the SRM pixels and network weights.
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(a) Video (b) Material (c) Recovered SRM (d) Ground Truth

(e) Recovered SRM (f) Ground Truth (g) Zoom-

in(ours)

(h) Zoom-

in(GT)

Figure 4.4: Sample results of recovered SRMs and material weights. Given input video

frames (a), I recover global SRMs (c) and their linear combination weights for materials (b)

from the optimization of Eq. (4.7). The scenes presented here have two material bases,

visualized with red and green channels. Estimated SRMs (c) corresponding to the shiny

object surface (green channel) correctly capture the light sources of the scenes, shown in the

reference panorama images (d). For both scenes the SRMs corresponding to the red channel

is mostly black, thus not shown, as the surface is mostly diffuse. The recovered SRM of

(c) overemphasizes blue channel due to oversaturation in input images. Third row shows

estimation result from a video of the same bag of chips (first row) under different lighting.

Close inspection of the recovered environment (g) reveals many scene details, including floors

in a nearby building visible through the window.
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(a) Input (b) Legendre [139] (c) Gardner [76] (d) My Result (e) Ground Truth

(f) Input (g) Lombardi [150] (h) My Result (i) Ground Truth

Figure 4.5: Comparisons with existing single-view and multi-view based environment esti-

mation methods. Given a single image (a), Deeplight [139] (b), and Gardner [75] (c), do not

produce accurate environment reconstructions, relative to what I obtain from an RGBD video

(d) which better matches ground truth (e). Additionally, from a video sequence and noisy

geometry of a synthetic scene (f), my method (h) more accurately recovers the surrounding

environment (i) compared to Lombardi (g). Best viewed digitally.

4.2.3 Novel-View Neural Rendering

With reconstructed SRMs and material weights, I can synthesize specular appearance from

any desired viewpoint via Eq. (4.2). However, while the approach detailed in Sec. 4.2.2

reconstructs high quality SRMs, the renderings often lack realism (shown in supplementary),

due to two factors. First, errors in geometry and camera pose can sometimes lead to weaker

reconstructed highlights. Second, the SRMs do not model more complex light transport

effects such as interreflections or Fresnel reflection. This section describes how I train a

network to address these two limitations, yielding more realistic results.

Simulations only go so far, and computer renderings will never be perfect. In principle,

you could train a CNN to render images as a function of viewpoint directly, training on actual

photos. Indeed, several recent neural rendering methods adapt image translation [110] to

learn mappings from projected point clouds [165, 189, 3] or a UV map image [230] to a photo.
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However, these methods struggle to extrapolate far away from the input views because their

networks don’t have built-in physical models of specular light transport.

Rather than treat the rendering problem as a black box, I arm the neural renderer with

knowledge of physics – in particular, diffuse, specular, interreflection, and Fresnel reflection,

to use in learning how to render images. Formally, I introduce an adversarial neural network-

based generator g and discriminator d to render realistic photos. g takes as input our best

prediction of diffuse DP and specular SP components for the current view (obtained from

Eq. (4.7)), along with interreflection and Fresnel terms FBI, RP , and FCI that will be

defined later in this section.

Consequently, the generator g receives CP = (DP , SP , FBI,RP , FCI) as input and

outputs a prediction of the view, while the discriminator d scores its realism. I use the

combination of pixelwise L1, perceptual loss Lp [35], and the adversarial loss [110] as described

in Sec. 4.2.2:

g∗ = arg min
g

max
d
λGL̄G(g, d) + λpL̄p(g) + λ1L̄1(g), (4.8)

where L̄p(g) = 1
|F|
∑

P∈F Lp(g(CP ), GP ) is the mean of perceptual loss across all input images,

and LG(g, d) and L̄1(g) are similarly defined as an average loss across frames. Note that this

renderer g is scene specific, trained only on images of a particular scene to extrapolate new

views of that same scene, as commonly done in the neural rendering community [165, 230, 3].

Modeling Interreflections and Fresnel Effects Eq. (4.2) models only the direct illumi-

nation of each surface point by the environment, neglecting interreflections. While modeling

full, global, diffuse + specular light transport is intractable, I can approximate first order

interreflections by ray-tracing a first-bounce image (FBI) as follows. For each pixel u in the

virtual viewpoint to be rendered, cast a ray from the camera center through u. If I pretend

for now that every scene surface is a perfect mirror, that ray will bounce potentially multiple

times and intersect multiple surfaces. Let x2 be the second point of intersection of that ray

with the scene. Render the pixel at u in FBI with the diffuse color of x2, or with black if



57

there is no second intersection (Fig. 4.6(d)).

Glossy (imperfect mirror) interreflections can be modeled by convolving the FBI with

the BRDF. Strictly speaking, however, the interreflected image should be filtered in the

angular domain [195], rather than image space, i.e., convolution of incoming light following

the specular lobe whose center is the reflection ray direction ωr. Given ωr, angular domain

convolution can be approximated in image space by convolving the FBI image weighted by

ωr. However, because I do not know the specular kernel, I let the network infer the weights

using ωr as a guide. I encode the ωr for each pixel as a three-channel image RP (Fig. 4.6(e)).

Fresnel effects make highlights stronger at near-glancing view angles and are important

for realistic rendering. Fresnel coefficients are approximated following [206]: R(α) = R0 +

(1 − R0)(1 − cosα)5, where α is the angle between the surface normal and the camera ray,

and R0 is a material-specific constant. I compute a Fresnel coefficient image (FCI), where

each pixel contains (1− cosα)5, and provide it to the network as an additional input, shown

in Fig. 4.6(f). Using the additional components I show that in Fig. 4.7 that the neural

rendering system correctly models the Fresnel effect.

In total, the rendering components CP are now composed of five images: diffuse and

specular images, FBI image, RP , and FCI. CP is then given as input to the neural network,

and my network weights are optimized as in Eq. (4.8). Fig. 4.6 shows the effectiveness of

the additional three rendering components for modeling interreflections.

4.2.4 Dataset

I captured ten sequences of RGBD video with a hand-held Primesense depth camera, fea-

turing a wide range of materials, lighting, objects, environments, and camera paths. The

length of each sequence ranges from 1500 to 3000 frames, which are split into train and test

frames. Some of the sequences were captured such that the test views are very far from the

training views, making them ideal for benchmarking the extrapolation abilities of novel-view

synthesis methods. Moreover, many of the sequences come with ground truth HDR envi-

ronment maps to facilitate future research on environment estimation. Further capture and
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(a) W/O Interreflections (b) With Interreflections (c) Ground Truth

(d) FBI (e) RP (f) Fresnel

Figure 4.6: Modeling interreflections. First row shows images of an unseen viewpoint ren-

dered by a network trained with direct (a) and with interreflection + Fresnel models (b),

compared to ground truth (c). Note accurate interreflections on the bottom of the green

bottle (b). (d), (e), and (f) show first-bounce image (FBI), reflection direction image (RP ),

and Fresnel coefficient image (FCI), respectively. Best viewed digitally.
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(a) View 1 (b) View 2 (c) View 3 (d) View 1 (e) View 2 (f) View 3

Figure 4.7: Demonstration of the Fresnel effect. The intensity of specular highlights tends to

be amplified at slant viewing angles. I show three different views (a,b,c) for a glossy bottle,

each of them generated by my neural rendering pipeline and presenting different viewing

angles with respect to the bottle. Notice that the neural rendering correctly amplifies the

specular highlights as the viewing angle gets closer to perpendicular with the surface normal.

Images (d,e,f) show the computed Fresnel coefficient (FCI) (see Sec. 6.1) for the correspond-

ing views. These images are given as input to the neural-renderer that subsequently use

them to simulate the Fresnel effect. Best viewed digitally.
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data-processing details are in supplementary.

4.3 Experiments

I describe experiments to test my system’s ability to estimate images of the environment

and synthesize novel viewpoints, and ablation studies to characterize the factors that most

contribute to system performance.

I compare my approach to several state-of-the-art methods: recent single view lighting

estimation methods (DeepLight [139], Gardner [76]), an RGBD video-based lighting and

material reconstruction method [150], an IR-based BRDF estimation method [184] (shown

in supplementary), and two leading view synthesis methods capable of handling specular

highlights – DeepBlending [102] and Deferred Neural Rendering (DNS) [230].

Finally, I conduct various ablation studies to identify the effects of loss functions, num-

ber of material bases, and surface roughness on the quality of the lighting and appearance

reconstructions.

4.3.1 Environment Estimation

The computed SRMs demonstrate my system’s ability to infer detailed images of the envi-

ronment from the pattern and motion of specular highlights on an object. For example from

4.4(b), I can see the general layout of the living room, and even count the number of floors

in buildings visible through the window. Note that the person capturing the video does not

appear in the environment map because he is constantly moving. The shadow of the moving

person, however, causes artifacts, e.g. the fluorescent lighting in the first row of Fig. 4.4 is

not fully reconstructed.

Compared to state-of-the-art single view estimation methods [139, 76], my method pro-

duces a more accurate image of the environment, as shown in Fig. 4.5. Note the reconstruc-

tion shows a person standing near the window and autumn colors in a tree visible through

the window.
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(a) Camera Trajec-

tory

(b) Reference

Photo

(c) Ours (d) DeepBlending

[102]

(e) Thies [230]

Figure 4.8: View extrapolation to extreme viewpoints. I evaluate novel view synthesis on

test views (red frusta) that are furthest from the input views (black frusta) (a). The view

predictions of DeepBlending [102] and Thies [230] (d,e) are notably different from the refer-

ence photographs (b), e.g., missing highlights on the back of the cat, and incorrect highlights

at the bottom of the cans. Thies [230] shows severe artifacts, likely because their learned

UV texture features overfits to the input views, and thus cannot generalize to very different

viewpoints. My method (c) produces images with highlights appearing at correct locations.

I compare with a multi-view RGBD based method [150] on a synthetic scene containing

a red object, obtained from the authors. As in [150], I estimate lighting from the known

geometry with added noise and a video of the scene rendering, but produce more accurate

results (Fig. 4.5).

4.3.2 Novel View Synthesis

I recover specular reflectance maps and train a generative network for each video sequence.

The trained model is then used to generate novel views from held-out views.
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Figure 4.9: Quantitative comparisons for novel view synthesis. I plot the perceptual loss [270]

between a novel view rendering and the ground truth test image as a function of its distance

to the nearest training view (measured in angle between the view vectors). I compare my

method with two leading NVS methods [102, 230] on two scenes. On average, my results

have lowest error.

In the supplementary, I show novel view generation results for different scenes, along with

the intermediate rendering components and ground truth images. As view synthesis results

are better shown in video form, I strongly encourage readers to watch the supplementary

video.

Novel View Extrapolation Extrapolating novel views far from the input range is par-

ticularly challenging for scenes with reflections. To test the operating range of my and other

recent view synthesis results, I study how the quality of view prediction degrades as a func-

tion of the distance to the nearest input images (in difference of viewing angles) (Fig. 4.9).

I measure prediction quality with perceptual loss [270], which is known to be more robust

to shifts or misalignments, against the ground truth test image taken from same pose. I use

two video sequences both containing highly reflective surfaces and with large differences in
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(a) Synthesized Novel-view (b) Material Weights

Figure 4.10: Image (a) shows a synthesized novel view using neural rendering (Sec. 4.2.3)

of a scene with multiple glossy materials. The spatially varying materials (SRM blending

weights) of the wooden tabletop and the laptop are accurately estimated by my algorithm

(Sec. 4.2.2), as visualized in (b).

(a) Ground Truth (b) Synthesized Novel-view

Figure 4.11: Concave surface reconstruction. The appearance of highly concave bowls is

realistically reconstructed by my system. The rendered result (b) captures both occlusions

and highlights of the ground truth (a).



64

train and test viewpoints. I focus my attention on parts of the scene which exhibit significant

view-dependent effects. That is, I mask out the diffuse backgrounds and measure the loss on

only central objects of the scene. I compare my method with DeepBlending [102] and Thies

[230]. The quantitative (Fig. 4.9) and qualitative (Fig. 4.8) results show that my method is

able to produce more accurate images of the scene from extrapolated viewpoints.

4.3.3 Robustness and Photo-realism

My method is robust to various scene configurations, such as scenes containing multiple

objects (Fig. 4.8), spatially varying materials (Fig. 4.10), and concave surfaces (Fig. 4.11).

Fig. 4.12 shows novel-view neural rendering results, together with the estimated compo-

nents (diffuse and specular images DP , SP ) provided as input to the renderer. My approach

can synthesize photorealistic novel views of a scene with wide range of materials, object

compositions, and lighting condition. Note that the featured scenes contain challenging

properties such as bumpy surfaces (Fruits), rough reflecting surfaces (Macbook), and con-

cave surfaces (Bowls). Overall, I demonstrate the robustness of my approach for various

materials including fabric, metals, plastic, ceramic, fruit, wood, glass, etc.

On a separate note, reconstructing SRMs of planar surfaces could require more views to

fully cover the environment hemisphere, because the surface normal variation of each view

is very limited for a planar surface. I refer readers to Janick [112] that studies capturing

planar surface light field, which reports that it takes about a minute using their real-time,

guided capture system.

4.3.4 Ablation Study

Effects of Loss Functions I study how the choice of loss functions affects the quality of

environment estimation and novel view synthesis. Specifically, I consider three loss functions

between prediction and reference images as follow: (i) pixel-wise L1 loss, (ii) neural-network

based perceptual loss, and (iii) adversarial loss. I run each of my algorithms (environment

estimation and novel-view synthesis) for the three following cases: using (i) only, (i+ii) only,
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(a) Ground Truth GP (b) Rendering g(CP ) (c) Specular Component (d) Diffuse Component

Figure 4.12: Novel view renderings and intermediate rendering components for various scenes.

From left to right: (a) reference photograph, (b) my rendering, (c) specular reflectance

map image SP , and (d) diffuse texture image DP . Note that some of the ground truth

reference images have black “background” pixels inserted near the top and left borders where

reconstructed geometry is missing, to provide equal visual comparisons to rendered images.
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and all loss functions combined (i+ii+iii). For both algorithms I provide visual comparisons

for each set of loss functions in Figures 4.14 and 4.13.

I run my joint optimization of SRMs and material weights to recover a visualization of

the environment using the set of loss functions described above. As shown in Fig. 4.13, the

pixel-wise L1 loss was unable to effectively penalize the view prediction error because it is

very sensitive to misalignments due to noisy geometry and camera pose. While the addition

of perceptual loss produces better results, one can observe muted specular highlights in the

very bright regions. The adversarial loss, in addition to the two other losses, effectively deals

with the input errors while simultaneously correctly capturing the light sources.

I similarly train the novel-view neural rendering network in Sec. 4.2.3 using the aforemen-

tioned loss functions. Results in Fig. 4.14 shows that while L1 loss fails to capture specularity

when significant image misalignments exist, the addition of perceptual loss somewhat ad-

dresses the issue. As expected, using adversarial loss, along with all other losses, allows the

neural network to fully capture the intensity of specular highlights.

Effects of Surface Roughness The recovered specular reflectance map is environment

lighting convolved with the surface’s specular BRDF. Thus, the quality of the estimated

SRM should depend on the roughness of the surface, e.g. a near Lambertian surface would

not provide significant information about its surroundings. To test this claim, I run the

SRM estimation algorithm on a synthetic object with varying levels of specular roughness.

Specifically, I vary the roughness parameter of the GGX shading model [235] from 0.01 to

1.0, where smaller values correspond to more mirror-like surfaces. I render images of the

synthetic object, and provide those rendered images, as well as the geometry (with added

noise in both scale and vertex displacements, to simulate a real scanning scenario), to my

algorithm. The results show that, as expected, the increasing amounts of surface roughness

cause the amount of details in the estimated environments to decrease, but the recovered

SRMs still faithfully reproduces the blurred environment as in (Fig. 4.15).
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(a) Scene (b) L1 Loss (c) L1+Perceptual Loss (d) L1+Perceptual+GAN

Figure 4.13: Environment estimation using different loss functions. From input video se-

quences (a), I run my SRM estimation algorithm, varying the final loss function between the

view predictions and input images. Because L1 loss (b) is very sensitive to misalignments

caused by geometric and calibration errors, it averages out the observed specular highlights,

resulting in missing detail for large portions of the environment. While the addition of

perceptual loss (c) mitigates this problem, the resulting SRMs often lose the brightness or

details of the specular highlights. The adoption of GAN loss produces improved results (d).
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(a) GT (b) L1 Loss (c) L1+Percept (d) All Losses

Figure 4.14: Effects of loss functions on neural-rendering. The specular highlights on the

forehead of the Labcat is expressed weaker than it actually is when using L1 or perceptual

loss, likely due to geometric and calibration errors. The highlight is best expressed when the

neural rendering pipeline of Sec. 6 is trained with the combination of L1, perceptual, and

adversarial loss.

Effects of Number of Material Bases The joint SRM and segmentation optimization

in Eq. 4.7 requires a user to set the number of material bases. In this section, I study how

the algorithm is affected by the user specified number. Specifically, for a scene containing

two cans, I run my algorithm twice, with number of material bases set to be two and three,

respectively. The results of the experiment in Figure 4.16 suggest that the number of material

bases does not have a significant effect on the output of my system.

4.4 Additional Results

Fig. 4.18 shows that the näıve addition of diffuse and specular components obtained from

the optimization in Sec. 5 does not results in photorealistic novel view synthesis, thus

motivating a separate neural rendering step that takes as input the intermediate physically-

based rendering components.
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(a) Ground Truth Environment

(b) Input Frame (c) Recovered SRM (GGX roughness 0.01)

(d) Input Frame (e) Recovered SRM (GGX roughness 0.1)

(f) Input Frame (g) Recovered SRM (GGX roughness 0.7)

Figure 4.15: Recovering SRM for different surface roughness. I test the quality of estimated

SRMs (c,e,g) for various surface materials (shown in (b,d,f)). The results closely match my

expectation that environment estimation through specularity is challenging for glossy (d)

and diffuse (f) surfaces, compared to the mirror-like surfaces (c). Note that the input to my

system are rendering images and noisy geometry, from which my system reliably estimates

the environment.
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(a) Input Texture (b) Material Weight, M = 2 (c) Material Weight, M = 3

(d) Recovered SRM, M = 2 (e) Recovered SRM, M = 3

Figure 4.16: Sensitivity to the number of material bases M . I run my SRM estimation and

material segmentation pipeline twice on a same scene but with different number of material

bases M , showing that my system is robust to the choice of M . I show the predicted

combination weights of the network trained with two (b) and three (c) material bases. For

both cases (b,c), SRMs that correspond to the red and blue channel are mostly black, i.e.

diffuse BRDF. Note that my algorithm consistently assigns the specular material (green

channel) to the same regions of the image (cans), and that the recovered SRMs corresponding

to the green channel (d,e) are almost identical.
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(a) Reference (b) This Approach (c) [184]

Figure 4.17: Comparison with [184] from Chapter 3. Note that the sharp specular highlight

on the bottom-left of the Corncho bag is poorly reconstructed in the rendering of [184] (c). As

shown in Sec. 4.3.4 and Fig. 4.12, these high frequency appearance details are only captured

when using neural rendering and robust loss functions (b).

(a) Ground Truth (b) Rendering with SRM

Figure 4.18: Motivation for neural rendering. While the SRM and segmentation obtained

from the optimization of Sec. 5 of the main text provides high quality environment recon-

struction, the simple addition of the diffuse and specular component does not yield photore-

alistic rendering (b) compared to the ground truth (a). This motivates the neural rendering

network that takes input as the intermediate rendering components and generate photoreal-

istic images (e.g. shown in Fig. 4.12).
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Comparison to BRDF Fitting Recovering a parametric analytical BRDF is a popular

strategy to model view-dependent effects. I thus compare my neural network-based novel-

view synthesis approach against a recent BRDF fitting method of [184] that uses an IR laser

and camera to optimize for the surface specular BRDF parameters. As shown in Fig. 4.17,

sharp specular BRDF fitting methods are prone to failure when there are calibration errors

or misalignments in geometry.

4.5 Implementation Details

I follow [116] for the generator network architecture, use the PatchGAN discriminator [110],

and employ the loss of LSGAN [158]. I use ADAM [132] with learning rate 2e-4 to optimize

the objectives. Data augmentation was essential for viewpoint generalization, by applying

random rotation, translation, flipping, and scaling to each input and output pair.

My pipeline is built using PyTorch [186]. For all of my experiments I used ADAM

optimizer with learning rate 2e-4 for the neural networks and 1e-3 for the SRM pixels. For

the SRM optimization described in Sec. 5 of the main text the training was run for 40 epochs

(i.e. each training frame is processed 40 times), while the neural renderer training was run

for 75 epochs.

I find that data augmentation plays a significant role to the view generalization of my

algorithm. For training in Sec. 5, I used random rotation (up to 180◦), translation (up

to 100 pixels), and horizontal and vertical flips. For neural renderer training in Sec. 6, I

additionally scale the input images by a random factor between 0.8 and 1.25.

I use Blender [45] for computing the reflection direction image RP and the first bounce

interreflection (FBI) image described in the main text.

Network Architectures Let C(k,ch in,ch out,s) be a convolution layer with kernel

size k, input channel size ch in, output channel size ch out, and stride s. When the stride

s is smaller than 1, I first conduct nearest-pixel upsampling on the input feature and then

process it with a regular convolution layer. I denote CNR and CR to be the Convolution-
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InstanceNorm-ReLU layer and Convolution-ReLU layer, respectively. A residual block R(ch)

of channel size ch contains convolutional layers of CNR(3,ch,ch,1)-CN(3,ch,ch,1), where

the final output is the sum of the outputs of the first and the second layer.

Encoder-Decoder Network Architecture The architecture of the texture refinement

network and the neural rendering network in Sec.5 and Sec.6 closely follow the architecture of

an encoder-decoder network of Johnson [116]: CNR(9,ch in,32,1)-CNR(3,32,64,2)-CNR(3,64,

128,2)-R(128)-R(128)-R(128)-R(128)-R(128)-CNR(3,128,64,1/2)-CNR(3,64,32,1/2)

-C(3,32,3,1), where c in represents a variable input channel size, which is 3 and 13 for

the texture refinement network and neural rendering generator, respectively.

Material Weight Network The architecture of the material weight estimation network

in Sec. 5 is as follows: CNR(5,3,64,2)-CNR(3,64,64,2)-R(64)-R(64)-CNR(3,64,32,1/2)

-C(3,32,3,1/2).

Discriminator Architecture The discriminator network used for the adversarial loss in

Eq. 4.7 and Eq. 4.8 both use the same architecture as follows: CR(4,3,64,2)

-CNR(4,64,128,2)-CNR(4,128,256,2)-CNR(4,256,512,2)-C(1,512,1,1). For this net-

work, I use a LeakyReLU activation (slope 0.2) instead of the regular ReLU, so CNR used

here is a Convolution-InstanceNorn-LeakyReLU layer. Note that the spatial dimension of

the discriminator output is larger than 1x1 for the image dimensions (640x480), i.e., the

discriminator scores realism of patches rather than the whole image (as in PatchGAN [110]).

Data Capture Details I capture ten videos of objects with varying materials, lighting

and compositions. I used a Primesense Carmine RGBD structured light camera. I perform

intrinsic and radiometric calibrations, and correct the images for vignetting. During capture,

the color and depth streams were hardware-synchronized, and registered to the color camera

frame-of-reference. The resolution of both streams are VGA (640x480) and the frame rate

was set to 30fps. Camera exposure was manually set and fixed within a scene.
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I obtained camera extrinsics by running ORB-SLAM [171] (ICP [175] was alternatively

used for feature-poor scenes). Using the estimated pose, I ran volumetric fusion [175] to

obtain the geometry reconstruction. Once geometry and rough camera poses are estimated,

I ran frame-to-model dense photometric alignment following [184] for more accurate cam-

era positions, which are subsequently used to fuse in the diffuse texture to the geometry.

Following [184], I use iteratively reweighted least squares to compute a robust minimum of

intensity for each surface point across viewpoints, which provides a good approximation to

the diffuse texture.

4.6 Discussion

In this chapter, I introduced a technique to recover a detailed image of an environment

from a hand-held RGB-D camera. Moreover, I use a combination of physically-based and

learning-based approach to achieve realistic and robust novel-view synthesis, outperforming

the state-of-the-art methods.

However, my proposed approach relies on the reconstructed mesh obtained from fusing

depth images of consumer-level depth cameras and thus fails for surfaces out of the operating

range of these cameras, e.g., thin, transparent, or mirror surfaces. The recovered environment

images are filtered by the surface BRDF; separating these two factors is an interesting topic

of future work, perhaps via data-driven deconvolution (e.g. [255]). Moreover, reconstructing

a room-scale photorealistic appearance model remains a major open challenge to explore

Finally, The ability to reconstruct the reflected scene from images of an object opens up

real and valid concerns about privacy. While my method requires a depth sensor, future

research may lead to methods that operate on regular photos. In addition to educating

people on what’s possible, my work could facilitate research on privacy-preserving cameras

and security techniques that actively identify and scramble reflections.
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Chapter 5

SHAPE MODELING VIA NEURAL IMPLICIT FUNCTIONS

Chapters 3 and 4 introduced techniques for recovering high quality appearance models

and scene environments from a hand-held camera. While the above systems achieve photo-

realistic reconstruction from casual inputs, they cannot complete the unobserved parts of

the target scene. This means that an user needs to scan every surface in a scene for a full

reconstruction, which is impractical for real world applications. For example, when scanning

a chair, an user needs to kneel down to scan the bottom parts of the chair and obtain a

full reconstruction. Therefore, a truly casual reconstruction approach naturally calls for the

automatic completion ability, as described in Criteria 3 in Chapter 1.

Plausibly completing partial input data is an ill-posed problem as there are infinitely many

ways to fill in the missing data. Therefore, data completion typically requires learning priors

and patterns from a large dataset to generate likely content given the partial observation. In

the 2D domain, deep neural networks have been successfully adopted for image inpainting or

generation tasks [122, 120]. However, the complexity of convolutional neural networks grows

quickly in space and time when directly applied to a discretized voxel grid. More classical and

compact surface representations such as triangle or quad meshes pose problems in training

since we may need to handle an unknown number of vertices and arbitrary topology. These

challenges have limited the quality, flexibility and fidelity of deep learning approaches when

attempting to either process or generate 3D data [249, 50].

In this chapter, I introduce a novel representation for generative 3D modeling that is

efficient, expressive, and fully continuous. My approach uses the concept of a SDF, but

unlike common surface reconstruction techniques which discretize this SDF into a regular

grid [47, 175], I instead learn a generative model to produce a continuous SDF.
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Decision 
boundary
of implicit 
surface

(a)

(b) (c)

Figure 5.1: My DeepSDF representation applied to the Stanford Bunny: (a) depiction of

the underlying implicit surface SDF = 0 trained on sampled points inside SDF < 0 and

outside SDF > 0 the surface, (b) 2D cross-section of the signed distance field, (c) rendered

3D surface recovered from SDF = 0. Note that (b) and (c) are recovered via DeepSDF.

The proposed continuous representation may be intuitively understood as a 3D classifier

that predicts whether an arbitrary 3D location is inside or outside of a shape, and thus its

decision boundary is the surface of the shape itself, as shown in Fig. 5.1. My approach

shares the generative aspect of other works seeking to map a latent space to a distribution

of complex shapes in 3D [249], but critically differs in the central representation. While the

notion of an implicit surface defined as a SDF is widely known in the computer vision and

graphics communities, to my knowledge, this is the first attempt to directly learn continuous,

generalizable 3D generative models of SDFs.

The contributions include: (i) the formulation of generative shape-conditioned 3D mod-

eling with a continuous implicit surface, (ii) a learning method for 3D shapes based on a

probabilistic auto-decoder, and (iii) the demonstration and application of this formulation

to shape modeling and completion. The proposed implicit models produce high quality con-

tinuous surfaces with complex topologies, and obtain state-of-the-art results in quantitative
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comparisons for shape reconstruction and completion. As an example of the effectiveness of

the method, my models use only 7.4 MB (megabytes) of memory to represent entire classes

of shapes (for example, thousands of 3D chair models) – this is, for example, less than half

the memory footprint (16.8 MB) of a single uncompressed 5123 3D bitmap.

5.1 Related Work

I review three main areas of related work: 3D representations for shape learning (Sec. 5.1.1),

techniques for learning generative models (Sec. 5.1.2), and shape completion (Sec. 5.1.3).

5.1.1 Representations for 3D Shape Learning

Representations for data-driven 3D learning approaches can be largely classified into three

categories: point-based, mesh-based, and voxel-based methods. While some applications

such as 3D-point-cloud-based object classification are well suited to these representations, I

address their limitations in expressing continuous surfaces with complex topologies.

Point-based. A point cloud is a lightweight 3D representation that closely matches the raw

data that many sensors (i.e. LiDARs, depth cameras) provide, and hence is a natural fit for

applying 3D learning. PointNet [191], for example, uses max-pool operations to extract global

shape features, and the technique is widely used as an encoder for point generation networks

[259, 1]. There is a sizable list of related works for learning on point clouds [192, 239, 266].

A primary limitation, however, of learning with point clouds is that they do not describe

topology and are not suitable for producing watertight surfaces.

Mesh-based. Various approaches represent classes of similarly shaped objects, such as

morphable human body parts, with predefined template meshes and some of these mod-

els demonstrate high fidelity shape generation results [9, 145]. Other recent works [11] use

poly-cube mapping [228] for shape optimization. While the use of template meshes is conve-

nient and naturally provides 3D correspondences, it can only model shapes with fixed mesh

topology.

Other mesh-based methods use existing [212, 159] or learned [88, 92] parameterization
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techniques to describe 3D surfaces by morphing 2D planes. The quality of such representa-

tions depends on parameterization algorithms that are often sensitive to input mesh quality

and cutting strategies. To address this, recent data-driven approaches [259, 88] learn the

parameterization task with deep networks. They report, however, that (a) multiple planes

are required to describe complex topologies but (b) the generated surface patches are not

stitched, i.e. the produced shape is not closed. To generate a closed mesh, sphere parame-

terization may be used [88, 92], but the resulting shape is limited to the topological sphere.

Other works related to learning on meshes propose to use new convolution and pooling

operations for meshes [58, 233] or general graphs [27].

Voxel-based. Voxels, which non-parametrically describe volumes with 3D grids of val-

ues, are perhaps the most natural extension into the 3D domain of the well-known learning

paradigms (i.e., convolution) that have excelled in the 2D image domain. The most straight-

forward variant of voxel-based learning is to use a dense occupancy grid (occupied / not

occupied). Due to the cubically growing compute and memory requirements, however, cur-

rent methods are only able to handle low resolutions (1283 or below). As such, voxel-based

approaches do not preserve fine shape details [252, 44], and additionally voxels visually appear

significantly different than high-fidelity shapes, since when rendered their normals are not

smooth. Octree-based methods [229, 198, 96] alleviate the compute and memory limitations

of dense voxel methods, extending for example the ability to learn at up to 5123 resolution

[229], but even this resolution is far from producing shapes that are visually compelling.

Aside from occupancy grids, and more closely related to my approach, it is also possible

to use a 3D grid of voxels to represent a signed distance function. This inherits from the

success of fusion approaches that use a truncated SDF (TSDF), pioneered in [47, 175], to

combine noisy depth maps into a single 3D model. Voxel-based SDF representations have

been extensively used for 3D shape learning [268, 50, 222], but their use of discrete voxels is

expensive in memory. As a result, these approaches generally present low resolution shapes.

Wavelet transform-based methods [117] and dimensionality reduction techniques [117] for

distance fields were reported, but they encode the SDF volume of each individual scene
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rather than a dataset of shapes.

Recently, concurrently to my work, binary implicit surface representations were used by

[38, 164], where they train deep networks across classes of shapes to classify 3D points as

inside or outside of a shape. Note that the binary occupancy function is a special case of

SDF, considering only ‘sign’ of SDF values. As DeepSDF models metric signed distance to

the surface, it can be used to raycast against surfaces and compute surface normals with its

gradients.

5.1.2 Representation Learning Techniques

Modern representation learning techniques aim at automatically discovering a set of features

that compactly but expressively describe data. For a more extensive review of the field, I

refer to Bengio et al. [17].

Generative Adversial Networks. GANs [83] and their variants [37, 194, 110, 120] learn

deep embeddings of target data, from which realistic images are sampled, by training dis-

criminators adversarially against generators. In the 3D domain, Wu et al. [249] trains a GAN

to generate objects in a voxel form, while Hamu et al. [92] uses multiple parameterization

planes to generate shapes of topological spheres. On the downside, training for GANs is

known to be unstable.

Auto-encoders. The ability of auto-encoders as a representation learning tool has been

evidenced by the vast variety of 3D shape learning works in the literature [50, 222, 9, 88, 250]

who adopt auto-encoders for representation learning. Recent 3D vision works [22, 9, 145]

often adopt a variational auto-encoder (VAE) learning scheme, in which bottleneck features

are perturbed with Gaussian noise to encourage smooth and complete latent spaces. The

regularization on the latent vectors enables exploring the embedding space with gradient

descent or random sampling.

Optimizing Latent Vectors. Instead of using the full auto-encoder, an alternative is to

learn compact data representations by training decoder-only networks. This idea goes back to

at least the work of Tan et al. [227] which simultaneously optimizes the latent vectors assigned
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to each data point and the decoder weights through back-propagation. For inference, an

optimal latent vector is searched to match the new observation with fixed decoder parameters.

Similar approaches have been extensively studied in [196, 24, 193], for applications including

noise reduction, missing measurement completions, and fault detections. Recent approaches

[23, 69] extend the technique by applying deep architectures. Throughout the chapter I refer

to this class of networks as auto-decoders, for they are trained with self-reconstruction loss

on decoder-only architectures.

5.1.3 Shape Completion

3D shape completion related works aim to infer unseen parts of the original shape given sparse

or partial input observations. This task is analogous to image-inpainting in 2D computer

vision.

Classical surface reconstruction methods complete a point cloud into a dense surface

by fitting radial basis function (RBF) [29] to approximate implicit surface functions, or by

casting the reconstruction from oriented point clouds as a Poisson problem [127]. These

methods only model a single shape rather than a dataset.

Various recent methods use data-driven approaches for the 3D completion task. Most

of these methods adopt encoder-decoder architectures to reduce partial inputs of occupancy

voxels [252], discrete SDF voxels [50], depth maps [199], RGB images [44, 250] or point

clouds [222] into a latent vector and subsequently generate a prediction of full volumetric

shape based on learned priors.

5.2 Modeling SDFs with Neural Networks

In this section I present DeepSDF, my continuous shape learning approach. I describe

modeling shapes as the zero iso-surface decision boundaries of feed-forward networks trained

to represent SDFs. A signed distance function is a continuous function that, for a given

spatial point, outputs the point’s distance to the closest surface, whose sign encodes whether
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the point is inside (negative) or outside (positive) of the watertight surface:

SDF (x) = s : x ∈ R3, s ∈ R . (5.1)

The underlying surface is implicitly represented by the iso-surface of SDF (·) = 0. A view of

this implicit surface can be rendered through raycasting or rasterization of a mesh obtained

with, for example, Marching Cubes [152].

My key idea is to directly regress the continuous SDF from point samples using deep

neural networks. The resulting trained network is able to predict the SDF value of a given

query position, from which I can extract the zero level-set surface by evaluating spatial

samples. Such surface representation can be intuitively understood as a spatial classifier

for which the decision boundary is the surface of the shape itself (Fig. 5.1). As a universal

function approximator [107], deep feed-forward networks in theory can learn continuous SDFs

with arbitrary precision. Yet, the precision of the approximation in practice is limited by

the finite number of point samples that guide the decision boundaries and the finite capacity

of the network due to restricted compute power.

The most direct application of this approach is to train a single deep network for a given

target shape as depicted in Fig. 5.2a. Given a target shape, I prepare a set of pairs X

composed of 3D point samples and their SDF values:

X := {(x, s) : SDF (x) = s} . (5.2)

I train the parameters θ of a multi-layer fully-connected neural network fθ on the training

set S to make fθ a good approximator of the given SDF in the target domain Ω:

fθ(x) ≈ SDF (x), ∀x ∈ Ω . (5.3)

The training is done by minimizing the sum over losses between the predicted and real

SDF values of points in X under the following L1 loss function:

L(fθ(x), s) = | clamp(fθ(x), δ)− clamp(s, δ) |, (5.4)
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(x,y,z) SDF

(a) Single Shape DeepSDF

Code

(x,y,z)

SDF

(b) Coded Shape DeepSDF

Figure 5.2: DeepSDF network outputs SDF value at a 3D query location. While (a) the

network can memorize a single shape, (b) conditioning the network with a code vector allows

DeepSDF to model a large space of shapes, where the shape information is contained in the

code vector that is concatenated with the query point.

where clamp(x, δ) := min(δ,max(−δ, x)) introduces the parameter δ to control the distance

from the surface over which I expect to maintain a metric SDF. Larger values of δ allow for

fast ray-tracing since each sample gives information of safe step sizes [99]. Smaller δ can be

used to concentrate network capacity on details near the surface. I used δ = 0.1 in practice.

Once trained, the surface is implicitly represented as the zero iso-surface of fθ(x), which

can be visualized through raycasting or marching cubes. Another nice property of this

approach is that accurate normals can be analytically computed by calculating the spatial

derivative ∂fθ(x)/∂x via back-propogation through the network.

5.3 Learning the Latent Space of Shapes

Training a specific neural network for each shape is neither feasible nor very useful. Instead,

we want a model that can represent a wide variety of shapes, discover their common prop-

erties, and embed them in a low dimensional latent space. To this end, I introduce a latent

vector z, which can be thought of as encoding the desired shape, as a second input to the

neural network as depicted in Fig. 5.2b. Conceptually, I map this latent vector to a 3D shape

represented by a continuous SDF. Formally, for some shape indexed by i, fθ is now a function
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of a latent code zi and a query 3D location x, which outputs the shape’s approximate SDF:

fθ(zi,x) ≈ SDF i(x). (5.5)

By conditioning the network output on a latent vector, this formulation allows modeling

multiple SDFs with a single neural network. Given the decoding model fθ, the continuous

surface associated with a latent vector z is similarly represented with the zero iso-surface of

fθ(z,x), and the shape can again be discretized for visualization by, for example, raycasting

or Marching Cubes.

Throughout the chapter I use the coded shape DeepSDF model of Fig. 5.2b whose decoder

is a feed-forward network composed of eight fully connected layers, each of them applied with

dropouts. All internal layers are 512-dimensional and have ReLU non-linearities. The output

non-linearity regressing the SDF value is tanh. I found training with batch-normalization

[109] to be unstable and applied the weight-normalization technique instead [205]. For train-

ing, I use the Adam optimizer [132].

In the next section I explain training the decoding model fθ(z,x) and introduce the

‘auto-decoder’ formulation for encoder-less training of shape-coded DeepSDF.

5.3.1 Motivating Encoder-less Learning

Auto-encoders and encoder-decoder networks are widely used for representation learning as

their bottleneck features tend to form natural latent variable representations.

Recently, in applications such as modeling depth maps [22], faces [9], and body shapes

[145] a full encoder-decoder network is trained but only the decoder is retained for inference,

where they search for an optimal latent vector given some input observation. Since the

trained encoder is unused at test time, it is unclear whether (1) training encoder is an

effective use of computational resources and (2) it is necessary for researchers to design

encoders for various 3D input representations (e.g. points, meshes, octrees, etc).

This motivates us to use an auto-decoder for learning a shape embedding without an

encoder as depicted in Fig. 5.3b. I show that learning continuous SDFs with auto-decoder
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(a) Auto-encoder
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(b) Auto-decoder

Figure 5.3: Different from an auto-encoder whose latent code is produced by the encoder,

an auto-decoder directly accepts a latent vector as an input. A randomly initialized latent

vector is assigned to each data point in the beginning of training, and the latent vectors

are optimized along with the decoder weights through standard backpropagation. During

inference, decoder weights are fixed, and an optimal latent vector is estimated.

leads to high quality 3D generative models. Further, I develop a probabilistic formulation for

training and testing the auto-decoder that naturally introduces latent space regularization

for improved generalization. To the best of my knowledge, this work is the first to introduce

the auto-decoder learning method to the 3D learning community.

5.3.2 Auto-decoder-based DeepSDF Formulation

To derive the auto-decoder-based shape-coded DeepSDF formulation I adopt a probabilistic

perspective. Given a dataset of N shapes represented with signed distance function SDF iN
i=1,

I prepare a set of K point samples and their signed distance values:

Xi = {(xj, sj) : sj = SDF i(xj)} . (5.6)

For an auto-decoder, as there is no encoder, each latent code zi is paired with train-

ing shape Xi. The posterior over shape code zi given the shape SDF samples Xi can be
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decomposed as:

pθ(zi|Xi) = p(zi)
∏

(xj ,sj)∈Xi
pθ(sj|zi;xj) , (5.7)

where θ parameterizes the SDF likelihood. In the latent shape-code space, I assume the

prior distribution over codes p(zi) to be a zero-mean multivariate-Gaussian with a spherical

covariance σ2I. This prior encapsulates the notion that the shape codes should be concen-

trated and I empirically found it was needed to infer a compact shape manifold and to help

converge to good solutions.

For an auto-decoder, as there is no encoder, each latent code zi is paired with training

shape data Xi and randomly initialized from a zero-mean Gaussian. I use N (0, 0.0012).

The latent vectors {zi}Ni=1 are then jointly optimized during training along with the decoder

parameters θ.

I assume that each shape in the given dataset X = {Xi}Ni=1 follows the joint distribution

of shapes:

pθ(Xi, zi) = pθ(Xi|zi)p(zi) , (5.8)

where θ parameterizes the data likelihood. For a given θ a shape code zi can be estimated

via Maximum-a-Posterior (MAP) estimation:

ẑi = arg max
zi

pθ(zi|Xi) = arg max
zi

log pθ(zi|Xi) . (5.9)

I estimate θ as the parameters that maximizes the posterior across all shapes:

θ̂ = arg max
θ

∑
Xi∈X

max
zi

log pθ(zi|Xi) (5.10)

= arg max
θ

∑
Xi∈X

max
zi

(log pθ(Xi|zi) + log p(zi)) ,

where the second equality follows from Bayes Law.

For each shape Xi defined via point and SDF samples (xj, sj) as defined in Eq. 5.6 I make

a conditional independence assumption given the code zi to arrive at the decomposition of

the posterior pθ(Xi|zi):

pθ(Xi|zi) =
∏

(xj ,sj)∈Xi

pθ(sj|zi;xj) . (5.11)
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Note that the individual SDF likelihoods pθ(sj|zi;xj) are parameterized by the sampling

location xj.

To derive the proposed auto-decoder-based DeepSDF approach I express the SDF likeli-

hood via a deep feed-forward network fθ(zi,xj) and, without loss of generality, assume that

the likelihood takes the form:

pθ(sj|zi;xj) = exp(−L(fθ(zi,xj), sj)) . (5.12)

The SDF prediction s̃j = fθ(zi,xj) is represented using a fully-connected network and

L(s̃j, sj) is a loss function penalizing the deviation of the network prediction from the actual

SDF value sj. One example for the cost function is the standard L2 loss function which

amounts to assuming Gaussian noise on the SDF values. In practice I use the clamped L1

cost from Eq. 5.4 for reasons outlined previously.

In the latent shape-code space, I assume the prior distribution over codes p(zi) to be

a zero-mean multivariate-Gaussian with a spherical covariance σ2I. Note that other more

complex priors could be assumed. This leads to the final cost function via Eq. 5.10 which I

jointly minimize with respect to the network parameters θ and the shape codes {zi}Ni=1:

arg min
θ,{zi}Ni=1

N∑
i=1

(
K∑
j=1

L(fθ(zi,xj), sj) +
1

σ2
||zi||22

)
. (5.13)

At inference time, after training and fixing θ, a shape code zi for shape Xi can be

estimated via Maximum-a-Posterior (MAP) estimation as:

ẑ = arg min
z

∑
(xj ,sj)∈X

L(fθ(z,xj), sj) +
1

σ2
||z||22 . (5.14)

Crucially, this formulation is valid for SDF samples X of arbitrary size and distribution

because the gradient of the loss with respect to z can be computed separately for each SDF

sample. This implies that DeepSDF can handle any form of partial observations such as

depth maps. This is a major advantage over the auto-encoder framework whose encoder

expects a test input similar to the training data, e.g. shape completion networks of [50, 266]

require preparing training data of partial shapes.
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To incorporate the latent shape code, I stack the code vector and the sample location as

depicted in Fig. 5.2b and feed it into the same fully-connected NN described previously at

the input layer and additionally at the 4th layer. I again use the Adam optimizer [132]. The

latent vector z is initialized randomly from N (0, 0.012).

Note that while both VAE and the proposed auto-decoder formulation share the zero-

mean Gaussian prior on the latent codes, I found that the the stochastic nature of the VAE

optimization did not lead to good training results.

Training and Testing Details

For training, I find it important to initialize the latent vectors quite small, so that similar

shapes do not diverge in the latent vector space – I used N (0, 0.012). Another crucial point

is balancing the positive and negative samples both for training and testing: for each batch

used for gradient descent, I set half of the SDF point samples positive and the other half

negative.

Learning rate for the decoder parameters was set to be 1e-5 * B, where B is number of

shapes in one batch. For each shape in a batch I randomly subsampled 16384 SDF samples

(out of 500K available points). Learning rate for the latent vectors was set to be 1e-3.

Also, I set the regularization parameter σ = 10−2. I trained my models on 8 Nvidia GPUs

approximately for 8 hours for 1000 epochs. For reconstruction experiments the latent vector

size was set to be 256, and for the shape completion task I used models with 128 dimensional

latent vectors.

Fig. 5.4 depicts the overall architecture of DeepSDF. For all experiments in this chapter

I used a network composed of 8 fully connected layers each of which are applied with weight-

normalization, and each intermediate vectors are processed with RELU activation and 0.2

dropout except for the final layer. A skip connection is included at the fourth layer.



88

Latent Vector

(x,y,z)

FC

512

FC

512259

FC

512

FC

512

FC

512

FC

512

FC

512

FC
1

TH
1

Figure 5.4: DeepSDF architecture used for experiments. Boxes represent vectors while arrows

represent operations. The feed-forward network is composed of 8 fully connected layers,

denoted as “FC” on the diagram. Each of the “FC” layers except for the last one is processed

with weight-normalization, ReLU activation and Dropout. I used 256 and 128 dimensional

latent vectors for reconstruction and shape completion experiments, respectively. The latent

vector is concatenated, denoted “+”, with the xyz query, making 259 length vector, and is

given as input to the first layer. I find that inserting the latent vector again to the middle

layers significantly improves the learning, denoted as dotted arrow in the diagram: the 259

vector is concatenated with the output of fourth fully connected layer to make a 512 vector.

Final SDF value is obtained with hypberbolic tangent non-linear activation denoted as “TH”.

Figure 5.5: Compared to car shapes memorized using OGN [229] (right), our models (left)

preserve details and render visually pleasing results as DeepSDF provides oriented surace

normals.
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Complex Closed Surface Model Inf. Eval.

Method Type Discretization topologies surfaces normals size (GB) time (s) tasks

3D-EPN [50] Voxel SDF 323 voxels X X X 0.42 - C

OGN [229] Octree 2563 voxels X X 0.54 0.32 K

AtlasNet Parametric 1 patch X 0.015 0.01 K, U

-Sphere [88] mesh

AtlasNet Parametric 25 patches X 0.172 0.32 K, U

-25 [88] mesh

DeepSDF Continuous none X X X 0.0074 9.72 K, U, C

(ours) SDF

Table 5.1: Overview of the benchmarked methods. AtlasNet-Sphere can only describe

topological-spheres, voxel/octree occupancy methods (i.e. OGN) only provide 8 directions

for normals, and AtlasNet does not provide oriented normals. Our tasks evaluated are: (K)

representing known shapes, (U) representing unknown shapes, and (C) shape completion.

5.4 Data Preparation

To train my continuous SDF model, I prepare the SDF samples X (Eq. 5.2) for each mesh,

which consists of 3D points and their SDF values. While SDF can be computed through

a distance transform for any watertight shapes from real or synthetic data, I train with

synthetic objects, (e.g. ShapeNet [33]), for which I are provided complete 3D shape meshes.

To prepare data, I start by normalizing each mesh to a unit sphere and sampling 500,000

spatial points x’s: I sample more aggressively near the surface of the object as I want

to capture a more detailed SDF near the surface. For an ideal oriented watertight mesh,

computing the signed distance value of x would only involve finding the closest triangle,

but I find that human designed meshes are commonly not watertight and contain undesired

internal structures. To obtain the shell of a mesh with proper orientation, I set up equally

spaced virtual cameras around the object, and densely sample surface points, denoted Ps,
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with surface normals oriented towards the camera. Double sided triangles visible from both

orientations (indicating that the shape is not closed) cause problems in this case, so I discard

mesh objects containing too many of such faces. Then, for each x, I find the closest point

in Ps, from which the SDF (x) can be computed.

More specifically, I begin the data preparation by normalizing each shape so that the

shape model fits into a unit sphere with some margin (in practice fit to sphere radius of

1/1.03). Then, I virtually render the mesh from 100 virtual cameras regularly sampled on

the surface of the unit sphere. Next, I gather the surface points by back-projecting the depth

pixels from the virtual renderings, and the points’ normals are assigned from the triangle to

which it belongs. Triangle surface orientations are set such that they are towards the camera.

When a triangle is visible from both orientations, however, the given mesh is not watertight,

making true SDF values hard to calculate, so I discard a mesh with more than 2% of its

triangles being double-sided. For a valid mesh, I construct a KD-tree for the oriented surface

points.

I want to emphasize that it is important that I sample more aggressively near the surface

of the mesh as I want to accurately model the zero-crossings. Specifically, I sample around

250,000 points randomly on the surface of the mesh, weighted by triangle areas. Then, I

perturb each surface point along all xyz axes with mean-zero Gaussian noise with variance

0.0025 and 0.00025 to generate two spatial samples per surface point. For around 25,000

points I uniformly sample within the unit sphere. For each collected spatial samples, I find

the nearest surface point from the KD-tree, measure the distance, and decide the sign from

the dot product between the normal and their vector difference.

5.5 Results

I conduct a number of experiments to show the representational power of DeepSDF, both in

terms of its ability to describe geometric details and its generalization capability to learn a

desirable shape embedding space. Largely, I propose four main experiments designed to test

its ability to 1) represent training data, 2) use learned feature representation to reconstruct
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CD, CD, EMD, EMD,

Method \metric mean median mean median

OGN 0.167 0.127 0.043 0.042

AtlasNet-Sph. 0.210 0.185 0.046 0.045

AtlasNet-25 0.157 0.140 0.060 0.060

DeepSDF 0.084 0.058 0.043 0.042

Table 5.2: Comparison for representing known shapes (K) for cars trained on ShapeNet. CD

= Chamfer Distance (30, 000 points) multiplied by 103, EMD = Earth Mover’s Distance (500

points).

unseen shapes, 3) apply shape priors to complete partial shapes, and 4) learn smooth and

complete shape embedding space from which I can sample new shapes. For all experiments

I use the popular ShapeNet [33] dataset.

I select a representative set of 3D learning approaches to comparatively evaluate afore-

mentioned criteria: a recent octree-based method (OGN) [229], a mesh-based method (Atlas-

Net) [88], and a volumetric SDF-based shape completion method (3D-EPN) [50] (Table 5.1).

These works show state-of-the-art performance in their respective representations and tasks,

so I omit comparisons with the works that have already been compared: e.g. OGN’s octree

model outperforms regular voxel approaches, while AtlasNet compares itself with various

points, mesh, or voxel based methods and 3D-EPN with various completion methods.

5.5.1 Representing Known 3D Shapes

First, I evaluate the capacity of the model to represent known shapes, i.e. shapes that were

in the training set, from only a restricted-size latent code — testing the limit of expressive

capability of the representations.

Quantitative comparison in Table 5.2 shows that the proposed DeepSDF significantly

beats OGN and AtlasNet in Chamfer distance against the true shape computed with a large



92

number of points (30,000). The difference in earth mover distance (EMD) is smaller because

500 points do not well capture the additional precision. Figure 5.5 shows a qualitative

comparison of DeepSDF to OGN.

5.5.2 Representing Test 3D Shapes (auto-encoding)

For encoding unknown shapes, i.e. shapes in the held-out test set, DeepSDF again sig-

nificantly outperforms AtlasNet on a wide variety of shape classes and metrics as shown in

Table 5.3. Note that AtlasNet performs reasonably well at classes of shapes that have mostly

consistent topology without holes (like planes) but struggles more on classes that commonly

have holes, like chairs. This is shown in Fig. 5.6 where AtlasNet fails to represent the fine

detail of the back of the chair. Figure 5.7 shows more examples of detailed reconstructions

on test data from DeepSDF as well as two example failure cases.

5.5.3 Shape Completion

A major advantage of the proposed DeepSDF approach for representation learning is that

inference can be performed from an arbitrary number of SDF samples. In the DeepSDF

framework, shape completion amounts to solving for the shape code that best explains a

partial shape observation via Eq. 5.14. Given the shape-code a complete shape can be

rendered using the priors encoded in the decoder.

I test my completion scheme using single view depth observations which is a common

use-case and maps well to my architecture without modification. Note that the completion

algorithm currently require the depth observations in the canonical shape frame of reference.

To generate SDF point samples from the depth image observation, I sample two points

for each depth observation, each of them located η distance away from the measured surface

point (along surface normal estimate). With small η I approximate the signed distance value

of those points to be η and −η, respectively. I solve for Eq. 5.14 with loss function of Eq. 5.4

using clamp value of η. Additionally, I incorporate free-space observations, (i.e. empty-space
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(a) Ground-truth (b) Our Result (c) [88]-25 patch (d) [88]-sphere

(e) Our Result (f) [88]-25 patch

Figure 5.6: Reconstruction comparison between DeepSDF and AtlasNet [88] (with 25-plane

and sphere parameterization) for test shapes. Note that AtlasNet fails to capture the fine

details of the chair, and that (f) shows holes on the surface of sofa and the plane.
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Figure 5.7: Reconstruction of test shapes. From left to right alternating: ground truth shape

and our reconstruction. The two bottom right images show failure modes of DeepSDF. These

failures are likely due to lack of training data and failure of minimization convergence.

between surface and camera), by sampling points along the freespace-direction and enforce

larger-than-zero constraints. The freespace loss is |fθ(z,xj)| if fθ(z,xj) < 0 and 0 otherwise.

Given the SDF point samples and empty space points, I similarly optimize the latent

vector using MAP estimation. Tab. 5.4 and Figs. (5.13, 5.9) respectively shows quantitative

and qualitative shape completion results. Compared to one of the most recent completion

approaches [50] using volumetric shape representation, my continuous SDF approach pro-

duces more visually pleasing and accurate shape reconstructions. While a few recent shape

completion methods were presented [94, 250], I could not find the code to run the com-

parisons, and their underlying 3D representation is voxel grid which I extensively compare

against.

5.5.4 Details on Quantitative Metrics

The first two metrics, Chamfer and Earth Mover’s, are easily applicable to points, meshes

(by sampling points from the surface) and voxels (by sampling surface voxels and treating
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(a) Input Depth (b) Completion (c) Second View (d) Ground truth (e) 3D-EPN

Figure 5.8: For a given depth image visualized as a green point cloud, we show a comparison

of shape completions from our DeepSDF approach against the true shape and 3D-EPN.

Left to right: Input depth map, our completion result from the input, rotated view of the

completed result, ground truth of the second view, comparison with 3D-EPN [50].

(a) Noisy Input Point Cloud (b) Shape Completion

Figure 5.9: Demonstration of DeepSDF shape completion from a partial noisy point cloud.

Input here is generated by perturbing the 3D point cloud positions generated by the ground

truth depth map by 1.5% of the plane length.
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their centers as points). When meshes are available, we also can compute metrics suited

particularly for meshes: mesh accuracy, mesh completion, and mesh cosine similarity.

Chamfer distance is a popular metric for evaluating shapes, perhaps due to its simplic-

ity [68]. Given two point sets S1 and S2, the metric is simply the sum of the nearest-neighbor

distances for each point to the nearest point in the other point set.

dCD(S1, S2) =
∑
x∈S1

min
y∈S2

||x− y||22 +
∑
y∈S2

min
x∈S1

||x− y||22

Note that while sometimes the metric is only defined one-way (i.e., just
∑

x∈S1
min
y∈S2

||x−y||22)

and this is not symmetric, the sum of both directions, as defined above, is symmetric:

dCD(S1, S2) = dCD(S2, S1). In all of my experiments I report the Chamfer distance for

30,000 points for both |S1| and |S2|, which can be efficiently computed by use of a KD-tree,

and akin to prior work [88] I normalize by the number of points: I report dCD(S1,S2)
30,000

.

Earth Mover’s distance [201], also known as the Wasserstein distance, is another

popular metric for measuring the difference between two discrete distributions. Unlike the

Chamfer distance, which does not require any constraints on the correspondences between

evaluated points, for the Earth Mover’s distance a bijection φ : S1 → S2, i.e. a one-to-one

correspondence, is formed. Formally, for two point sets S1 and S2 of equal size |S1| = |S2|,

the metric is defined via the optimal bijection [68]:

dEMD(S1, S2) = min
φ:S1→S2

∑
x∈S1

||x− φ(x)||2

Although the metric is commonly approximated in the deep learning literature [68] by

distributed approximation schemes [18] for speed during training, I compute the metric

accurately for evaluation using a more modest number of point samples (500) using [62].

Mesh accuracy, as defined in [207], is the minimum distance d such that 90% of gener-

ated points are within d of the ground truth mesh. I used 1,000 points sampled evenly from
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the generated mesh surface, and computed the minimum distances to the full ground truth

mesh.

Mesh completion, also as defined in [207], is the fraction of points sampled from the

ground truth mesh that are within some distance ∆ (a parameter of the metric) to the

generated mesh. I used ∆ = 0.01, which well measured the differences in mesh completion

between the different methods. With this metric the full generated mesh is used, and points

(I used 1,000) are sampled from the ground truth mesh (mesh accuracy is vice versa). Ideal

mesh completion is 1.0, minimum is 0.0.

Mesh cosine similarity is a metric I introduce to measure the accuracy of mesh normals.

I define the metric as the mean cosine similarity between the normals of points sampled from

the ground truth mesh, and the normals of the nearest faces of the generated mesh. More

precisely, given the generated mesh Mgen and a set of points with normals Sgt sampled from

the ground truth mesh, for each point xi in Sgt I look up the closest face Fi in Mgen, and

then compute the average cosine similarity between the normals associated with xi and Fi,

Cos. sim(Mgen, Sgt) =
1

|Sgt|
∑
xi∈Sgt

n̂Fi
· n̂xi ,

where each n̂ ∈ R3 is a unit-norm normal vector. I use |Sgt| = 2, 500 and in order to allow for

[88] which does not provide oriented normals, I compute the min(·) over both the generated

mesh normal and its flipped normal: min(n̂Fi
· n̂xi ,−n̂Fi

· n̂xi). Ideal cosine similarity is 1.0,

minimum (given the allowed flip of the normal) is 0.0.

5.5.5 Latent Space Shape Interpolation

To show that my learned shape embedding is complete and continuous, I render the results

of the decoder when a pair of shapes are interpolated in the latent vector space (Fig. 5.10).

The results suggests that the embedded continuous SDF’s are of meaningful shapes and that

my representation extracts common interpretable shape features, such as the arms of a chair,

that interpolate linearly in the latent space.
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Figure 5.10: DeepSDF interpolation in the latent space. DeepSDF represents signed dis-

tance functions (SDFs) of shapes via latent code-conditioned feed-forward decoder networks.

Above images are raycast renderings of DeepSDF interpolating between two shapes in the

learned shape latent space. Best viewed digitally.

5.5.6 Additional Results

I provide additional results on representing test objects with trained DeepSDF (Fig. 5.11,

5.12). The success of this task for DeepSDF implies that 1) high quality shapes similar to

the test shapes exist in the embedding space, and 2) the codes for the shapes can be found

through simple gradient descent.

Finally I show additional shape completion results on unperturbed depth images of syn-

thetic ShapeNet dataset (Fig. 5.13), demonstrating the quality of the auto-decoder learning

scheme and the new shape representation.

5.6 Conclusion & Future Work

DeepSDF significantly outperforms the applicable benchmarked methods across shape repre-

sentation and completion tasks and simultaneously addresses the goals of representing com-

plex topologies, closed surfaces, while providing high quality surface normals of the shape.

However, while point-wise forward sampling of a shape’s SDF is efficient, shape completion
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Figure 5.11: Additional test shape reconstruction results. Left to right alternatingly:

DeepSDF reconstruction and ground truth.

Figure 5.12: Additional test shape reconstruction results for Table ShapeNet class. All of

the above images are test shapes represented with our DeepSDF network during inference

time, showing the accuracy and expressiveness of the shape embedding.
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Figure 5.13: Additional shape completion results. Left to Right: input depth point cloud,

shape completion using DeepSDF, second view, and third view.
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(auto-decoding) takes considerably more time during inference due to the need for explicit

optimization over the latent vector. I look to increase performance by replacing ADAM opti-

mization with more efficient Gauss-Newton or similar methods that make use of the analytic

derivatives of the model.

DeepSDF models enable representation of more complex shapes without discretization

errors with significantly less memory than previous state-of-the-art results as shown in Ta-

ble 5.1, demonstrating an exciting route ahead for 3D shape learning. The clear ability to

produce quality latent shape space interpolation opens the door to reconstruction algorithms

operating over scenes built up of such efficient encodings. However, DeepSDF currently as-

sumes models are in a canonical pose and as such completion in-the-wild requires explicit

optimization over a SE(3) transformation space increasing inference time. Finally, to repre-

sent the true space-of-possible-scenes including dynamics and textures in a single embedding

remains a major challenge, one which I continue to explore.
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CD, mean chair plane table lamp sofa

AtlasNet-Sph. 0.752 0.188 0.725 2.381 0.445

AtlasNet-25 0.368 0.216 0.328 1.182 0.411

DeepSDF 0.204 0.143 0.553 0.832 0.132

CD, median

AtlasNet-Sph. 0.511 0.079 0.389 2.180 0.330

AtlasNet-25 0.276 0.065 0.195 0.993 0.311

DeepSDF 0.072 0.036 0.068 0.219 0.088

EMD, mean

AtlasNet-Sph. 0.071 0.038 0.060 0.085 0.050

AtlasNet-25 0.064 0.041 0.073 0.062 0.063

DeepSDF 0.049 0.033 0.050 0.059 0.047

Mesh acc., mean

AtlasNet-Sph. 0.033 0.013 0.032 0.054 0.017

AtlasNet-25 0.018 0.013 0.014 0.042 0.017

DeepSDF 0.009 0.004 0.012 0.013 0.004

Mesh comp., mean chair plane table lamp sofa

AtlasNet-Sph. 0.668 0.862 0.755 0.281 0.641

AtlasNet-25 0.723 0.887 0.785 0.528 0.681

DeepSDF 0.947 0.943 0.959 0.877 0.931

Mesh comp., median

AtlasNet-Sph. 0.686 0.930 0.795 0.257 0.666

AtlasNet-25 0.736 0.944 0.825 0.533 0.702

DeepSDF 0.970 0.970 0.982 0.930 0.941

Cosine sim., mean

AtlasNet-Sph. 0.790 0.840 0.826 0.719 0.847

AtlasNet-25 0.797 0.858 0.835 0.725 0.826

DeepSDF 0.896 0.907 0.916 0.862 0.917

Table 5.3: Comparison for representing unknown shapes (U) for various classes of ShapeNet.

Lower is better for the first four metrics and higher is better for the rest. Please refer to Sec.

5.5.4 for details on the metrics used.



103

lower is better higher is better

Method / Metric CD Median CD Mean EMD Mesh acc. Mesh comp. Cos sim.

chair

3D-EPN 2.25 2.83 0.084 0.059 0.209 0.752

DeepSDF 1.28 2.11 0.071 0.049 0.500 0.766

plane

3D-EPN 1.63 2.19 0.063 0.040 0.165 0.710

DeepSDF 0.37 1.16 0.049 0.032 0.722 0.823

sofa

3D-EPN 2.03 2.18 0.071 0.049 0.254 0.742

DeepSDF 0.82 1.59 0.059 0.041 0.541 0.810

Table 5.4: Comparison for shape completion (C) from partial range scans of unknown shapes

from ShapeNet. For the evaluation metric, CD = Chamfer Distance, EMD = Earth Movers

Distance.
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Chapter 6

MODELING TRANSFORMATIONS FOR NEURAL IMPLICIT
REPRESENTATION

In Chapter 5, I introduced a novel 3D representation, DeepSDF, that presents state-

of-the-art results in 3D shape modeling. In particular, I proposed a representation and

techniques that could complete unseen parts of a shape in a plausible way, reducing the user

efforts during scanning, as motivated in Sec. 1 (Criteria 3).

In this chapter, I propose an extention to DeepSDF by introducing a novel generative

model, which I call SceneSDF. SceneSDF is able to handle objects in non-canonical poses,

i.e., the latent space of this model contains objects in various rotations and translations.

As such, this approach is able to reconstruct scenes with multiple objects from noisy and

partial observations, an important capability for applying the new implicit representations

for casual 3D reconstruction.

Since DeepSDF is trained on a dataset of aligned objects in a canonical pose, the learned

shape representation cannot be directly used for reconstructing real-world objects in arbitrary

poses. Therefore, approaches for modeling multi-object scenes using DeepSDF depend on

a series of steps including object detection, shape code estimation, and pose optimization

[203, 157].

Directly applying DeepSDF to be trained on an unaligned object dataset, however, would

be ineffective, because the DeepSDF network takes the absolute coordinates as input. For

example, a local shape feature learned at x = 0 cannot be reused to describe a similar feature

at coordinate x = 1. Thus the network has to waste a significant amount of expressive

power on separately representing an identical shape in different locations. This limitation

has prevented the original DeepSDF formulation from being used for modeling non-aligned,
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large-scale scenes with more than one object [115, 30, 262].

Motivated by this observation, I divide the target scene volume into a grid of voxels,

where each voxel contains a local feature vector that encodes the local SDF within the

voxel via DeepSDF. The use of a discrete feature volume limits the space of shapes that a

single MLP network needs to model and promotes reusability of the local features across

scenes. Note that, as voxels are tiled translationally, the use of a grid naturally promotes

translational but not rotational equivariance. An interesting future direction is to introduce

explicit equivariance to rotation into the model.

However, when the generative model using the grid structure is used for inference re-

construction, I observe that the optimization in the latent space often fails to converge to a

desirable state. I hypothesize that the few thousand training scene is not enough compactly

cover the latent space for smooth optimization convergence during inference. While it is

possible to use more training data, preparing and processing large amounts of training data

is expensive, so I seek to virtually augment the data by adopting adversarial training. That

is, I densely sample the latent space and ensure that the sampled latent codes are mapped

to a plausible shapes via an adversarial loss. Experiments show that the effectiveness of

adversarial training, as shown in Sec. 6.4.1. Using the trained generative model (Sce-

neSDF), reconstructing a multi-object scene amounts to simply optimizing for the randomly

initialized latent vectors using a Expectation-Maximization-style algorithm [169] (describe

in Section 6.3.2), replacing more complex methods [203, 157].

The main contribution of this Chapter are 1) a novel method of training a generative

adversarial network (GAN) in the space of voxelized local features for simultaneously mod-

eling an object shape and its spatial transformation, and 2) an EM-style algorithm [169] to

jointly optimize multiple latent codes to reconstruct scenes with more than one objects.

6.1 Related Work

I review two main areas of related work: modeling object transformations and multi-object

scenes.
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6.1.1 Modeling Transformation of objects

3D entities in the world come with various translations, rotations, and scales with respect to

their surroundings. Since the space of transformed objects is much larger than the space of

objects itself, it is efficient to separately represent an object and its transformation. Spatial

Transformer Networks [113] predict affine transformation parameters to obtain an image in

a canonical form. A classification network that operates on the aligned images then only

needs to learn how to recognize entities in canonical pose. PointNet [191] adopts a similar

strategy to predict a 3D transformation matrix to transform a point cloud in canonical pose.

Alias-free GAN [121] learns to sample a 2D rotation and translation parameters to generate

realistic images. Similarly, GIRAFFE [178] independently samples 3D transformation and

object appearance to generate compositional scenes without supervision.

6.1.2 Learning-based Multi-Object and Scene Modeling

2D Domain

Learning to represent scenes with many entities (e.g., objects) is a challenging task, as the

space of possible scenes grows combinatorially with the number of possible entities and their

spatial arrangements. In the 2D domain, several works have explored modeling an image

with a set of latent vectors to decompose the space of scenes into manageable pieces [108, 90].

Slot Attention [148] and IODINE [86] learn, without supervision, to decompose a multi-

object scene image into a set of latent vectors, each of them representing one object. GANs-

former [108]takes a different approach where the latent vectors collaborate each other, instead

of independently take charge of one object, to generate a compositional image.

3D Domain

In the 3D domain, [264] applies the Slot Attention approach to model compositional scenes

using multiple latent vectors. [30] uses a grid of features to describe large scenes, where

each voxel feature describes local SDFs via the neural implicit representaion. [187] applies
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convolution layers on the voxel features to learn geometric scene priors, while [60] uses the

same voxelized local features to learn a space of scene appearance.

6.2 Learning the Latent Space of Shapes and Transformations

This section describes the proposed technical approach for training a generative model for

simultaneously modeling object shapes and transformations. In Sec. 6.2.1, I motivate the

use of a grid structure for modeling local SDFs. Next, I describe learning the latent space

of transformed objects from surface points via an auto-decoder training scheme (Sec. 6.2.2).

To enforce that the whole latent space generates plausible shapes, in Sec. 6.2.3, I adopt

an adversarial training scheme where a discriminator encourages the generative model to

produce realistic feature volumes.

6.2.1 Representing Local SDFs with a Grid Structure

Chapter 5 introduces a global signed distance field (DeepSDF) to represent a shape as a

function of global 3D coordinate x:

fθ(c,x) = s : x ∈ R3, s ∈ R, c ∈ RD, (6.1)

where fθ is a neural network parameterized by θ, and c is a D dimensional latent code

controlling the shape.

While this formulation works well in the absence of global transformations (i.e., when

the target objects are aligned), it does not efficiently model objects in arbitrary poses, as

the dependence of the global coordinate prevents reusing local shape features in different

locations (as shown in Fig. 6.2). Recent approaches in NIR address this problem by dividing

the target volume into a grid of features, where each feature represents local SDFs or radiance

fields [30, 262, 60]. The use of the grid structure allows the MLP network to focus on the

local features that could be shared within and across scenes. Motivated by this finding, I

adopt a 3D generator that learns to produce a feature volume, which is a combination of

smaller local geometric pieces.
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The 3D CNN generator gκ with parameter κ produces a regular grid of voxels F that

covers the target volume:

gκ(z) = F, z ∈ RZ , F ∈ RL×32×32×32, (6.2)

where z is a Z-dimensional global latent code, whose distribution will be learned via auto-

decoder (Sec. 6.2.2) or adversarial training (Sec. 6.2.3). Each voxel is associated with a local

feature vector l ∈ RL that encodes the local geometry using a shared DeepSDF network fθ

operating on the local coordinate system:

fθ(l,x
l) = s : xl ∈ R3, s ∈ R, l ∈ RL, (6.3)

where xl is the local xyz coordinate around the center of the voxel. To enforce that the

predicted SDF value is consistent between neighbors, I let the volume of influence of each

voxel feature to overlap with its neighbors’, and encourage (during training) that the SDF

predictions are consistent across neighboring feature vectors. Specifically, each l is trained

to cover a symmetrically extended volume of size 2p× 2p× 2p, where p is the length of the

voxel edge. During training, I introduce a consistency loss (defined in Eq. 6.7) to ensure that

SDF predictions are consistent across the overlapping voxel features.

Even with the consistency loss, when visualizing the global SDFs via raycasting or mesh

extraction, there could be remaining discontinuities at the voxel borders where the feature

vector association abruptly changes. To prevent undesirable artifacts, I blend the SDF

predictions of neighboring voxels via trilinear interpolation [10]:

SDF (x) =
∑
t∈N 8

Vt
V
· fθ(lt,x− ct), (6.4)

where N 8 is a set of 8 closest voxels for the point x, and lt and ct are respectively the latent

code and center of the neighbor voxel t. The voxel weights Vt in the equation is the volume of

the opposite rectangular cuboid formed between x and ct’s, following trilinear interpolation

[10]. V =
∑

t∈N Vt is a normalization factor.

Overall, the discretized local SDF representation allows reusing the learned local geomet-

ric features. Furthermore, the translational invariance of the convolutional architecture for
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the generator network is suited for generating objects at arbitrary locations. Finally, I note

that because the local features represent continuous SDFs via DeepSDF, we only need to

have a relatively sparse resolution voxel grid (e.g. 32 x 32 x 32) to represent high quality

shapes.

6.2.2 Auto-Decoder Training from Surface Points

Generator Architecture

Inspired by the success of the 2D generators that use discrete convolution layers to produce

realistic images [122], I design a 3D CNN architecture for the 3D generator gκ. I adapt

the StyleGAN architecture to have only 10 convolutional layers because the target output

resolution is 32 x 32 x 32, and use SWISH non-activation functions instead of ReLU because

SWISH is continuous everywhere (the continuity property enables computing second-order

gradient in Sec.6.2.2). Overall, as described in Eq. 6.2, gκ(z) takes a latent code z and

generates a volume of L dimensional features.

Auto-Decoder Formulation

In Sec. 6.2.1, I described representing unaligned object SDFs with a grid of local features

that encode local SDFs. These feature volumes are produced by a 3D CNN generator given

a global latent code. Now the important question is: how do we learn the latent space of

such feature volumes and the object SDFs produced by them?

As in Chapter 5, I adopt the auto-decoder algorithm to learn a latent space of unaligned

shapes. Different from Chapter 5, however, I do not precompute the SDF values for training,

but instead indirectly obtain the scene SDFs from surface point samples and their normal

directions via solving a differential equation. I adopt this strategy because directly computing

SDFs is computationally expensive due to the need to find the nearest surface. During

training, I randomly choose a subset of an object’s surface points (1024 points out of 1

million) for each batch iteration. Formally, similar to Eq. 5.13, I jointly optimize a set of
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latent codes z’s (one for each transformed object) along with the generator g and the local

DeepSDF network f :

arg min
θ,κ,{zi}Ni=1

N∑
i=1

(
K∑
j=1

LAD(xj,nj, zi; gκ, fθ) +
1

σ2
||zi||22

)
, (6.5)

where LAD is the loss function that ensures SDF value is zero on the surface, and surface

normal is close to the ground truth nj. As a result of the auto-decoder training, we are left

with the trained generator g and DeepSDF network f along with the latent code zi for each

scene in the dataset.

For inference, I optimize a randomly initialized latent code to fit the observed surface

points while keeping the network weights fixed:

arg min
z

K∑
j=1

LAD(gκ, fθ, z,xj,nj) +
1

σ2
||z||22. (6.6)

I sample the initial code near zero (i.e., low standard deviation Guassian) following Chapter 5,

and minimize Eq. 6.6 using the ADAM optimizer [132].

Training Data

I sample oriented surface points from the ShapeNet chair dataset using the procedure ex-

plained in Section 5.4 (I find it sufficiently expressive to sample one million surface points

per object). Then, I place each object (i.e., the object’s sampled surface points) onto a 5m x

5m x 5m canvas, such that the bottom of the object is on the XY plane. I uniformly sample

the translation of the object within the 5m x 5m XY plan, and apply random rotation along

the Z axis to simulate most real-world scenes where the objects are standing upright. Then,

I normalize the 5m volume to a length-one cuboid such that each axis ranges from 0 to 1.

Finally, I divide the ShapeNet chair dataset into 2,000 training and 500 test sets for all the

experiments. Figure 6.1 shows examples of the prepared dataset.

In Chapter 5, the training of the DeepSDF network requires a set of point samples and

their ground truth SDF values for each scene. However, computing the SDFs is computation-

ally expensive as we need to find the closest surface points for each point sample. Therefore, I
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(a) (b) (c)

Figure 6.1: Example training scenes. Each scene contains a ShapeNet [33] chair object,

which is randomly translated and rotated on the XY plane. The length of the edge of the

target cube volume is 5 meter and is normalized to unit length 1 after placing the object.

The blue lines describe the boundary of the target volume.

adopt the derivative based techniques from [87, 5, 214] to indirectly learn SDFs from surface

point samples only. These methods leverage the fact that the derivative of the SDF with

respect to the xyz coordinate has magnitude of 1 and amounts to the surface normal for a

surface point. This approach is shown to increase the quality of the generated surfaces [87].

Therefore, I prepare surface point samples along with their surface normals for a dataset of

unaligned shapes.

Loss Function

I learn the latent space of transformed shapes from oriented surface points using the auto-

decoder formulation of Eq. 6.5. The loss function LAD for a surface point x from a scene

represented by a latent code z is defined as follows:

LAD(x,n, z;κ,θ) = λSψκ,θ(x, z) + λN‖∇xψκ,θ(x, z)− n‖+ λE‖|∇x′ψκ,θ(x′, z)| − 1‖

+ λMM(ψκ,θ(x
′′, z)) + λCCκ,θ(x

′′, z)) + λTT (ψκ,θ(x
′′, z)),

(6.7)
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where ψκ,θ is an operator that evaluates SDF at a point by selecting the nearest voxel feature

from gκ(z) and subsequently computing the local SDF using fθ as described in Eq. 6.3.

At a surface point x, the first two terms of Eq. 6.7 respectively encourage that the SDF

value is zero and the surface normal (analytically computed as the gradient of SDF with

respect to x) is equal to the ground truth value n. Furthermore, for each surface point x, I

randomly sample another point x′ near x to encourage the modeled SDF to be correct, i.e.,

the magnitude of the gradient of SDF is equal to 1. More specifically, I model the truncated

version of SDFs by enforcing the third term in the loss function (referred to as the Eikonal

term in [87]) for randomly sampled x′ near the surface such that ‖x − x′‖ < τ , for some

truncation value τ . That is, I encourage modeling proper SDF within the truncation distance

from the surface.

In the above equation, M(s) = exp(−α · |s|), α � 1 in the fourth term penalizes non-

surface points from having SDF values close to zero (i.e., prevents spurious surfaces). Here,

x′′ is another random point uniformly sampled from the target volume. Cκ,θ is a consistency

loss that measures the absolute difference between ψκ,θ(x
′′, z) and the SDF predicted by

associating x′′ with a voxel randomly chosen from its 8 nearest voxels. This term ensures

that the solution of the differential equation is globally consistent. Finally, T (s) = max(τ, s)

in the last term encourages SDF values to not go above the truncation value τ . Note that

λ’s in the equation are balancing scalar parameters for the loss function.

6.2.3 Adversarial Training in the Latent Space

In the previous section, I adopted auto-decoder algorithm introduced in Chapter 5 to learn

a latent space of transformed shapes. However, the space of objects under arbitrary trans-

formations is much larger than the space of aligned objects used in Chapter 5. Therefore, I

hypothesize that the same auto-decoder algorithm requires significantly more training scenes

to obtain a complete and smooth latent space through gradient-based optimization. In fact,

while I was able to successfully reconstruct aligned test shapes during inference time in

Chapter 5, inference optimization for non-aligned shapes in this chapter fails when using the
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networks trained via the auto-decoder training (Eq. 6.5), as shown in Figure 6.2.

While we might increase the number of training scenes to address this issue, it comes

with significantly more computational cost, as the auto-decoder training involves jointly

optimizing for the scenes’ latent vectors. Therefore, I take a different approach of virtually

“augmenting” the data via adversarial training. To this end, I introduce a discriminator 3D

CNN that processes 3D feature volumes. I note that the feature volumes obtained with the

auto-decoder training (Sec. 6.2.2) can represent a distribution of real shapes. Similar to

typical GAN training approaches [83], I randomly sample latent codes to generate feature

volumes via my generator. Then, the discriminator takes the feature volumes as input and

outputs the real/fake labels that serve as a training signal to penalize unrealisitc feature

volumes. The adversarial training encourages the latent space to be densely packed with

plausible feature volumes, which contrasts with the auto-decoder training that only uses a

few thousand latent space samples.

Formally, let {F}Ni=1 be the set of feature volumes obtained from the auto-decoder train-

ing of Sec. 6.2.2, and let dδ be the discriminator with parameter δ that processes F ’s and

predicts real/fake labels. We can then jointly train the generator and discriminator using

the combination of auto-decoder and the adversarial loss:

arg min
κ,{zi}Ni=1

max
δ

N∑
i=1

‖gκ(zi)− Fi‖1 +
1

σ2
||zi||22 + LGAN(gκ, dδ). (6.8)

Here, LG defines the adversarial loss of the well-known min-max game optimization [83] as

follows:

LGAN(gκ, dδ) = EF [dδ(F )] + Eζ[1− dδ(gκ(ζ))], (6.9)

where the latent code ζ is sampled from a Gaussian distribution with mean 0 and variance

empirically computed from the zi’s obtained from the auto-decoder training of Eq. 6.5. The

L1 reconstruction term and the regularization term (second term) of Eq.6.8 are auto-decoder

losses which ensure that the training scenes are incorporated in the latent space. I find the

adversarial training to be unstable without these auto-decoder terms. I name my proposed

learning method of Eq. 6.8 as adversarial auto-decoder algorithm, due to the existence of
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(a) Depth Map (b) DeepSDF (c) Grid+Auto-decoder

(d) DeepSDF-PE (e) Grid + Adversarial

Figure 6.2: Given a depth map (a) of an object under a random transformation, original

DeepSDF (b) and the voxel grid generator trained on pure auto-decoder loss (c) was unable

to reconstruct the object through optimization. While positional encoding on DeepSDF

improves optimization convergence (d), the shape’s surface quality is much worse than that

of the full SceneSDF model (e) trained with the adversarial auto-decoder algorithm.



115

both auto-decoder and the adversarial terms. Overall, the adversarial auto-decoder learning

scheme allows training with dense samples of the latent space, which enables successful

inference optimization as I will show in the experiment section.

6.3 Multi-Object Scene Reconstruction

In the previous section, I introduced a generative model for single objects in arbitrary poses,

leveraging my new proposed learning algorithm. Now the question to ask is: How can we

use this to model scenes with multiple objects?

Since each latent vector for the trained generative model produces a single object in

non-canonical pose, it is reasonable to combine multiple latent vectors to describe a scene

with multiple objects. What is not straightforward, however, is optimizing for the multiple

latent vectors. In this case, it is ambiguous which latent vector should be associated with a

point for optimization. When a latent vector is associated with points from multiple objects,

the optimization of the latent code to model more than one object could result in erroneous

shape completion.

6.3.1 Min-Composite Approach

Perhaps the simplest solution to this optimization problem would be to represent a multi-

code scene via min-composite of multiple SDFs. That is, I associate a point to a latent vector

that predicts the smallest SDF value at that position. The validity of the minimum operation

comes from the definition of SDF, which measures the closest distance to all existing surfaces

from a point, and thus, associating a point with the latent vector that generates the closest

surface to that point is theoretically sound. Formally, when we have M randomly initialized

global latent codes to describe a scene with M or fewer objects, we can write the min-

composite optimization to fit the given point observations as follows:

arg min
{zi}

M∑
i=1

K∑
j=1

1i,jLAD(gκ, fθ, zi,xj,nj) +
1

σ2
||zi||22, (6.10)
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where 1i,j is an indicator function that is 1 when the ith latent code produces the smallest

SDF at xj, and 0 otherwise.

The above approach of labeling each point using the min-operation, however, often leaves

some objects unreconstructed or results in optimization failure. This is because the use of

hard (all-or-nothing) assignment of the input points makes the algorithm susceptible to being

trapped in local minima depending on the initial assignments.

6.3.2 Expectation-Maximization Style Approach

Rather than assigning hard labels to each point, we compute the probability of each point

belonging to a latent code. This problem of fitting multiple generative models to data of

unknown labels is analogous to the well known problem of finding mixture model parame-

ters given unclustered data points. While numerous methods have been proposed for fitting

mixture models to data (see [162] for a comprehensive review), many of these approaches

separately solve for the hidden variables (point labels in our problem) and the model pa-

rameters in an alternating fashion, following the pioneering Expectation-Maximization (EM)

algorithm [169]. Similarly, I adopt the strategy of computing the soft point labels and opti-

mizing the latent vectors in an alternating fashion.

Setup

I initialize M number of latent vectors {zi} randomly drawn from a Gaussian distribution

with mean 0 and variance close to 0 (in practice I use 0.01). The input to the algorithm is

partial surface observations of a multi-object scene, e.g., a depth map. I assume that the

actual number of objects in the target scene is less than or equal to M , but the exact number

is unknown to the algorithm. Lastly, I assume we have the trained networks gκ and fθ from

the adversarial training of Eq. 6.8, which can generate a scene’s SDF given a latent vector.



117

E-Step

In this step, I estimate the soft assignment of each observed point to the latent vectors.

Specifically, I compute the probability that an observed surface point xi is assigned to the

latent vector zj: P (xi ∈ Lj|xi), where Lj is a set of all points explained by zj, i.e., the

closest surface point for any point in Lj belongs to the surface generated by zj. To compute

this probability, I use the Bayes’ Law:

P (xi ∈ Lj|xi) =
P (xi|xi ∈ Lj)P (Lj)

P (xi)
. (6.11)

Here, P (xi|xi ∈ Lj) is the probability that xi is observed as surface (i.e., SDF at xi is 0)

given that it belongs to Lj. Given that the SDF prediction at xi is ψκ,θ(xi, zj) (as defined

in Eq. 6.7), I model P (xi|xi ∈ Lj) using a Gaussian distribution with mean ψκ,θ(xi, zj) and

standard deviation σE:

P (xi|xi ∈ Lj) = Npdf (0;ψκ,θ(xi, zj), σ
2
E), (6.12)

where Npdf outputs the probability density function and σE could be estimated empirically

from the auto-decoder training (Eq. 6.5).

P (Lj) in Eq 6.11 is the label prior which is the probability that a random point belongs to

Lj, which will be estimated in next step. The probability that xi is a surface point without

knowing its label P (xi) can be computed via marginalizing the joint probability as follows:

P (xi) =
∑
j

P (xi,xi ∈ Lj) =
∑
j

P (Lj)P (xi|xi ∈ Lj). (6.13)

Finally, then, we can rewrite Eq. 6.11 as follows:

P (xi ∈ Lj|xi) =
P (Lj)Npdf (0;ψκ,θ(xi, zj), σ

2
E)∑

j P (Lj)Npdf (0;ψκ,θ(xi, zj), σ2
E)
. (6.14)

The soft label P (xi ∈ Lj|xi) is computed for each surface observation xi in the E-step.

Note that label prior P (Lj) is initialized as 1
M

and updated in the M-step described below.
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M-Step

In this step, I optimize by model parameters (i.e., the latent vector zi’s) and update the

label priors. Using the soft labels computed in the E-step, in Eq. 6.14, I take a gradient step

to minimize the following weighted loss:

arg min
{zi}

M∑
j=1

K∑
i=1

P (xi ∈ Lj|xi)LAD(gκ, fθ, zj,xi,ni) +
1

σ2
||zj||22, (6.15)

where LAD is the auto-decoder loss on the oriented point cloud observations (xi’s and ni’s)

as defined in Eq. 6.7.

Finally, I update the label prior by summing up the soft label for each latent vector:

P (Lj) =

∑
j P (xi ∈ Lj|xi)

M
. (6.16)

In order to prevent some of the P (Lj)’s from quickly converging to zero in the beginning of

the optimization (because their surfaces are initialized far from any of the points), I adopt a

deferred update strategy by updating the label priors once every ten iterations. The E-step

and M-step are executed alternatingly for each iteration.

Note that in the special case of M = 1, the EM-style algorithm reverts back to the

auto-decoder inference of Eq. 6.6, as the label P (xi ∈ L0|xi) = 1 for all points.

6.4 Experiments

In this experiment, I conduct experiments to show the ability of the SceneSDF model to

reconstruct unaligned single objects and multi-object scenes. For these experiments, I use

the popular ShapeNet [33] chair dataset – the chair class presents sufficiently complex and

diverse structures for 3D shape and appearance research [231, 264].

6.4.1 Representing Unaligned Single Objects

I compare SceneSDF against a variant of DeepSDF on reconstructing unknown shapes with

arbitrary poses, i.e., shapes in the held-out test set. Given a partial point cloud of an aligned

object, I run the inference algorithm of Sec. 6.3.2.
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(a) Depth Map (b) SceneSDF (c) DeepSDF PE

Figure 6.3: Given a depth map (a) of an object under a random transformation, the shape

completion result of SceneSDF algorithm (b) is of higher quality than the result of DeepSDF

with positional encoding (c).

As shown in Figure 6.2, notice that the original DeepSDF formulation fails to reconstruct

an unaligned object via optimization, so I cannot compare the SceneSDF against the original

DeepSDF. To present a reasonable baseline, I follow the recent works on NIR [167, 214] and

apply the positional encoding to the xyz coordinate inputs to improve the expressive power

and optimizability of DeepSDF. Formally, I adopt this positional encoding to augment each

coordinate into a R2L dimensional feature using a set of 2L harmonic functions [167]:

γ(x) = (sin(20πx), cos(20πx), . . . , sin(2L−1πx), cos(2L−1πx)). (6.17)

Interestingly, the positional encoding formulation is closely related to the local coordinate

system used in this chapter, as they both introduce periodic functions. Applying a sine

function with frequency, for instance, 64 to the xyz coordinate is similar to representing the

target volume with a 32-resolution voxel grid. However, the positional encoding version of

DeepSDF (from now I call this PE-DeepSDF) critically differs from my generative model as

it lacks the convolution layers that promote interactions between coordinate features.
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To compare SceneSDF against PE-DeepSDF, I conduct the EM optimization of Eq. 6.15

with M = 2, given depth maps of 200 held-out test objects. Similarly, I run the auto-decoder

inference algorithm of Eq. 5.14 to optimize the latent vector given the oriented point cloud.

Because I optimize two latent vectors for SceneSDF, I ran the PE-DeepSDF experiment

twice for each scene and used the better result. As shown in Fig. 6.3, the SceneSDF

generative model clearly produces a higher quality shape compared to PE-DeepSDF. The

quantitative results show that the proposed generative model significantly outperforms in

terms of Chamfer distance defined in Chapter 5: the average and median Chamfer distance

for SceneSDF were 1.578 and 0.4007, respectively, compared to the mean of 3.3655 and the

median of 1.1498 for PE-DeepSDF.

Finally, to show the robustness of the algorithm to noisy input data, I run the inference

optimization on a noisy depth point cloud. I follow the procedure described in Chapter 5,

to simulate the noise pattern common to structure-light depth sensors. The result shown in

Fig. 6.4 demonstrates the robustness of the generative model for fitting noisy, partial data.

6.4.2 Representing Multi-Object Scenes

In this experiment, I demonstrate SceneSDF’s ability to reconstruct multi-object scenes

using the EM-style algorithm described in Sec. 6.3.2. Fig 6.5 visualizes an example input

point cloud and shape completion result for the scene. As can be seen in the figure, the

depth map for a multi-object scene is highly sparse because the objects occlude themselves

(self-occlusion) and each other, making the shape completion even more challenging.

Given a scene with up to three non-overlapping shapes, I initialize six latent vectors

sampled from a Gaussian distribution with mean zero and standard deviation sampled from

a uniform distribution: σ ∼ U(0.4σE, 0.6σE), where σE is the standard deviation computed

from the resulting latent vectors of the auto-decoder training in Eq. 6.5. Given the initialized

latent vectors and the partial point cloud, I jointly optimize the six latent vectors to minimize

the loss of Eq. 6.15, whose soft-labels are updated after each gradient step according to

Eq. 6.14. The results in Fig. 6.5 and Fig. 6.7 present the reconstruction result, demonstrating
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(a) Noisy Depth Map (b) Reconstruction (c) Ground Truth

Figure 6.4: Noisy depth completion result. (a) shows a depth map with added Gaussian

noise (on the depth value) with standard deviation 4% of the radius of the circumscribed

sphere of the object. (b) shows the reconstruction using the SceneSDF model compared to

the ground truth (c).
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(a) Input Depth (b) Completion

(c) Second View (d) Ground truth

Figure 6.5: Multi-object completion result. For a given depth image of a scene with three ob-

jects visualized as a green point cloud (a), I run my shape completion algorithm of Sec. 6.3.2.

The completion result (b,c) is of high quality and close to the ground truth shapes (d).



123

the strong shape priors learned by the generative model to plausibly complete the unobserved

regions of the scene. That is, the reconstruction results correctly capture the overall shapes

of the chairs, such as the existence of arms and curved backs (Fig. 6.5).

However, note that the reconstructions miss the fine details of the point clouds, such

as the holes on the back of the chairs in Fig. 6.6. These artifacts are likely due to the

lack of expressive power of the generator network, which might be addressed by using a

network with more number of free parameters. Another possible remedy to these artifacts

is to boost the empty space loss on the important regions (e.g., holes on the back of the

chairs). As described in Eq. 6.5, the empty space loss is currently applied to random points

that are uniformly sampled from the target volume. Instead, sampling more aggressively in

the perceptually important regions could help modeling the fine details.

In Figure 6.6, I visualize the shapes generated by the latent vectors before and after the

optimization, where the corresponding shape pairs are displayed with the same colors. Note

how the initial shapes near target objects are snapped into the partial points and generate

completed shapes. The label priors P (Lj)’s, which are the byproducts of the EM-style

optimization, provide a convenient way of rejecting the unused shapes that are not snapped

into the target point clouds in the image. That is, I reject shapes generated from the latent

vectors with P (Lj) < 0.01 (less than one percent of points are associated with this latent

code)

6.5 Conclusion

In this chapter, I introduced a generative model (ScenceSDF) for unaligned objects and an

algorithm to fit the model to a multi-object scene. SceneSDF is trained using the adversar-

ial auto-decoder algorithm, which simultaneously minimizes the training data reconstruction

loss (auto-decoder) and the adversarial loss in the feature space. The adoption of adversar-

ial loss induces a generative model with a smooth latent space, enabling reconstruction of

unaligned objects. I also propose an EM-style algorithm to reconstruct multiple shapes from

an unsegmented partial point cloud.
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(a) Input Depth Points

(b) Initial State + Input Points (c) Final State + Input Points

(d) Reconstruction (excess removed) (e) Ground Truth

Figure 6.6: Visualizing initial and final states of multi-object completion. Given a depth

map points of a multi-object scene shown as the green point cloud (a), I randomly initialize

6 latent vectors (b) and optimize them to fit to the input points (c). The shapes’ colors of

(b,c) visualize the initial and final states of each latent vector. We can identify and remove

the objects unused for reconstruction using the label priors of Eq. 6.16. (d) shows a rendering

of the valid reconstruction from a viewpoint compared against the ground truth (c).
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(a) Input Depth (b) Completion

(c) Completion (Second View) (d) Ground truth

Figure 6.7: Additional multi-object completion result. For a given depth image of a scene

with three objects visualized as a green point cloud (a), I run my shape completion algorithm

of Sec. 6.3.2. The completion result (b,c) is of high quality and close to the ground truth

shapes (d).
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The computer vision, graphics, and robotics communities have proposed various ap-

proaches [274, 181] for registering existing shape models to partial data such as point clouds

or RGB images. These methods typically involve a complex pipeline of detecting target

shapes, estimating object poses (relative to camera or to some canonical pose), and retriev-

ing nearest neighbor shapes from a data bank [6, 7, 111, 236]. My proposed generative

model and inference algorithm suggests a new possibility of reconstructing objects via ran-

dom initialization and optimization of latent vectors, which could significantly simplify the

reconstruction effort. Note that my EM-style inference algorithm is closely related to joint

semantic segmentation and 3D reconstruction approaches [97, 95] that formulate a feed-

back loop between the two tasks. On the contrary, my use of object-level generative model

provides much stronger geometric priors that allow completion of unobserved regions.

Moreover, training a scene/object completion network typically requires artificially cor-

rupting the input data or generating scenes with “realistic” object distributions to faithfully

simulate the real-world, noisy inputs [50, 49, 187]. My algorithm reconstructs test scenes via

an optimization in the latent space of a generative model that is trained on uncorrupted syn-

thetic data. In contrast, typical completion networks [50, 49, 187] are discriminative models

that directly process noisy, partial input data, and thus they require the training data to be

similar to the real-world inputs.

One limitation is that the inference optimization currently takes a few minutes to fully

converge, which is much slower than existing feed-forward-based approaches. Furthermore,

the use of grid-structure and convolution layers naturally induce translational invariance,

but not rotational invariance. An interesting future direction is to apply a learned, rigid

transformation to each object as explored in Alias-Free GAN [121]. Finally, the proposed

multi-object reconstruction via SceneSDF has not yet been shown to work for real-world

scenes. Real scene experiments would require additional steps for identifying and removing

non-object elements (e.g., floors and walls), and a generative model trained on multiple

object classes. I leave this experiment as a future work.
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Chapter 7

CONCLUSION AND FUTURE WORK

My thesis presented new techniques, systems, concepts, and algorithms that push the

boundary of 3D reconstruction in two directions that trade-off photo-realism and ease of

capture. Specifically, my work has made the following contributions towards the goal of

photorealistic 3D reconstruction from casual scanning:

• Casual surface light field reconstruction: different from existing methods that

require costly laboratory setups [84, 245, 34, 246], my proposed system, described in

Chapter 3, reconstructs photo-realistic surface light fields of a scene using a hand-

held RGB-D camera. This is possible via my theoretical formulation of factoring scene

appearance into view-independent and wavelength-independent components, which en-

ables recovering scene specular highlights using the IR laser that comes with a com-

modity RGB-D sensor.

• Recovering detailed environment image from a video: in Chapter 4, I intro-

duced an approach to automatically reconstruct a detailed image of an environment

from a video taken using a hand-held camera. This approach is made possible via

jointly optimizing per-material specular reflection maps and material segmentation

neural network. Due to the exceptional quality of recovered environment images, I

believe that the technique can be used for forensic studies.

• Faithful and robust appearance modeling via neural rendering: in Chapter 4,

I introduced a neural-network-based rendering technique that achieves photo-realistic

quality, robust view extrapolation, and robust modeling of interreflections, Fresnel, and

concave surfaces. A key to these capabilities is the combination of physically-based and
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learning-based technologies, where the rendering network takes physically-motivated

input layers to produce realistic view prediction.

• Effective 3D representation for deep-learning: in Chapter 5, I proposed a new

3D representation suitable for deep learning. Different from existing 3D representations

including triangle meshes, point clouds, or voxels, this approach classifies whether an

xyz point is inside or outside of an object shape, representing the surface as the decision

boundary of this classifier. Together with adopting an encoder-less learning algorithm

(auto-decoder), I show that the new representation promotes highly effective learning of

3D shapes from large datasets, evidenced by enabling high quality object completion.

• Multi-object scene modeling using generative models: in Chapter 6, I extended

the approach in Chapter 5 to apply to multi-object scenes. I proposed a method of

training a generative model for simultaneously modeling object shape and its transfor-

mation, and an EM [169] style approach for reconstructing scenes with more than one

object using multiple latent vectors. These two contributions allow shape completion

of multi-object scenes via simple gradient-based optimization in the latent space of a

generative model.

7.1 Future Work

In this section, I discuss future research directions by answering the following three questions:

1) What is keeping us from using existing technologies to easily scan real scenes? 2) How can

we improve the current NIR approaches? 3) What is an important research topic beyond

photo-realistic reconstruction?

7.1.1 Casual 3D Reconstruction

Computer vision community has introduced a number of approaches for reconstructing re-

alistic 3D models using hand-held cameras (e.g., multi-view stereo [74, 79, 73] or RGB-D
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camera-based methods [183, 242, 273]). Notably, [242] demonstrated large-scale indoor re-

construction with highly accurate geometry and texture, in addition to the ability to model

mirrors and glass surfaces. The biggest drawback of these approaches regarding casual

scanning would be the lack of scene completion. Without the completion ability, an user

has to scan every corner of a scene (as in [242]), which is prohibitively expensive for non-

professionals.

Despite the progress in object-level shape and appearance modeling [182, 256], scene-

level completion approaches typically produce unfaithful, low-quality results [49, 187]. This

is likely because the space of possible scenes is exponentially larger than the space of objects.

An interesting future direction would be to automatically decompose the complex scenes into

more manageable pieces (e.g., objects and parts) and model the relationships between these

entities via, for example, Natural Language Processing techniques that study relationships

between discrete words and phrases. Training a generative model of scenes, perhaps by

leveraging the decomposition, is another promising direction, as having a scene generative

model could reduce the reconstruction task into a simple gradient-based optimization in the

latent space.

Faithful scene completion would require learning scene priors from large datasets. As

shown in Chapter 5, the choice of 3D representation plays an important role on the perfor-

mance of machine learning algorithms in 3D. While my proposed NIR has gained popularity

due to its differentiability, expressiveness, and efficiency (in space and time), the NIR-related

approaches still face many challenges, as will be discussed in the next section. Therefore, a

crucial future work is to explore new representations or improve existing representations to

further develop scene-scale 3D deep learning.

7.1.2 Neural Implicit Representation

The methods I introduced in this thesis enable machines to infer beyond what’s recorded in

traditional media, such as recovering detailed scene environment from a video, rendering a

scene from uncaptured viewpoints, or completing invisible parts of objects. I believe that
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these technologies will contribute towards making high quality 3D capture accessible to a

wide range of users. My neural network-based implicit representation (NIR) (Chapter 5,6)

has inspired a large amount of follow-up research in 3D reconstruction [167, 178, 185, 5, 204].

Some of these methods improved the accuracy and robustness of appearance [167, 244, 185]

and geometry [238] reconstruction to the level previously unseen in the research community.

However, many of these methods fit a neural network to a set of images from a single scene,

and thus they do not generalize well to viewpoints far from the input range. NIR approaches

that do generalize across scenes, including that of Chapter 5, either focus on single object

scenes [32, 182] or tend to produce lower quality results [262, 187, 60]. These gaps could

be due to the lack of expressive power of the latent space (i.e., representing a scene with

a single latent vector [60, 182, 32]). To increase the expressive power, we need to consider

more complex latent representations, e.g., multi-slot representations of Chapter 6 or others

[148, 108]. Another problem of NIR is that the memory and computational footprint of the

volume rendering used in [32, 60, 262] is too high to train high quality generalizable models.

This problem might be addressed by devising smarter sampling strategy, e.g., via combining

radiance and SDF representations as in [238, 261]. Approaches that use discrete voxel grids

to model local NIRs, including [262, 187] and Chapter 6, could suffer from the inherent

difficulty of the convolution operators in modeling rotations, which could result in wasting

representation power to model same features in different orientations. An interesting future

direction is an effective modeling of transformations within a neural network, as tried in the

2D domain [113, 51, 121]. Finally, the lack of interactions between the point features of

NIR (each point is independently processed via an MLP) might be fundamentally limiting

the learning of higher-order logic within scenes, an important open problem for the research

community.

7.1.3 Beyond photo-realism

While my proposed systems and techniques in Chapter 3 and 4 can produce faithful appear-

ance modeling of target scenes, the resulting reconstructions remain static, meaning that we
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(a) Original Scene (b) Rearranged Scene

Figure 7.1: Example of virtual scene modification. Given a 3D reconstruction of scene

(a), changing the object arrangement as in (b) would require faithful scene completion and

appearance modeling.

cannot move the objects around within the scene or turn off the lights, etc. In fact, most

existing approaches in multi-view stereo [74, 79, 73], NIR [187, 167, 182], or dense SLAM

[175, 184, 243] create frozen scenes that are difficult to interact with.

Beyond photo-realism, I argue that the ability to modify and interact with digital recon-

structions will open up a diverse set of interesting applications. Take, for example, furniture

shopping for non-professionals. The current way of planning a furniture and interior design

change of your existing home involves “imagining” how it would look like when you paint this

wall in some color or buy this sofa and place it by the wall. If we have a modifiable, realistic

3D reconstruction of your physical home, we could realistically simulate and visualize how it

would look like when you apply the new paint, furniture, or lamps. Such application could

greatly help the decision making process for interior change for non-professionals.

Interactive 3D reconstructions could also promote robotics research. Recent reinforce-

ment learning algorithms typically train their models in an virtual environment, where ex-
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periments for gradient steps could be run at much lower cost compared to real-world robotics

experiments. However, these virtual environments are usually manually designed and come

with a low level of visual realism (e.g., Gibson environment [253], House3D [251]), or AI2-

THOR [59]. More realistic scanned datasets including Replica [221], on the other hand, do

not allow scene interactions such as knocking over a chair or picking up an object as the

reconstructions are composed of static triangle meshes. A dataset of dynamic, interactive,

and photo-realistic 3D reconstructions, which we currently lack, will be invaluable to modern

robotics research.

However, obtaining a modifiable 3D scanned scene is much more challenging than recon-

structing a static model. From a simple mental exercise shown in Figure 7.1, we can think

of what it takes to photo-realistically modify a scene. Changing the location of a kettle from

the scene in the left image to that of the right involves inpainting unobserved parts of the

kettle and the tabletop, re-rendering the specular highlights of the kettle based on the scene

illumination, removing the incorrect shadows, and recomputing the new shadow cast by the

kettle, etc. These tasks require not only a highly reliable scene completion algorithm but

also accurate recovery of intrinsic material parameters (e.g., albedo or specularity), lighting

conditions, and a way of photo-realistically rendering the modified scene in interactive time,

the challenges that our community should continue to explore.
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