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ABSTRACT OF THE DISSERTATION

Toward Relighting and View Synthesis for Human Portraits

by

Tiancheng Sun

Doctor of Philosophy in Computer Science

University of California San Diego, 2021

Professor Ravi Ramamoorthi, Chair

Human portraits are ubiquitous in our everyday life. However, after we take the portraits
using the camera, the lighting condition of the captured image cannot be easily changed. Previous
works have investigated how to change the lighting condition of a portrait, but they usually
require special hardware to achieve relighting. In this thesis, we study the problem of portrait
relighting, aiming at accuracy and practicality. We present several novel approaches that enable
relighting portraits after the capture.

With the goal of practical relighting that can be used in everyday life, we first develop
single image portrait relighting. We leverage the prior of human portraits, and train a neural

network that learns to perform relighting given only a single portrait. Our network can achieve
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convincing relighting results with very limited computation power, enabling real-time portrait
relighting applications.

Next, we focus on how to achieve precise relighting under point lights. We capture the
portrait using discrete point lights under a light stage, and super-sample the location of the point
lights to achieve high-frequency relighting. This enables finer controls on the shadows on human
faces.

Finally, we investigate changing both the viewpoint and the lighting condition of captured
portraits. To this end, we propose neural light-transport field (NeLF). Given only 5 frontal
portraits, this neural rendering approach can generate portraits from novel views under arbitrary

natural lightings.
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Chapter 1

Introduction

Figure 1.1. Toward Relighting and View Synthesis for Human Portraits

Lighting plays an important role in conveying the essence and the depth of the subject
in a portrait photograph. Professional photographers will carefully control the lighting in their
studio to manipulate the appearance of their subject, while amateur photographers are usually
constrained to the illumination of their environment. Over the past decade, there has been some
progress on technology that enables individuals to change the lighting condition of a portrait
after the capture process. This kind of technique is called relighting.

Relighting is a problem that spans multiple domains in computer graphics. Given a scene,
say a human face, in order to change the lighting, we first need to extract the information of the
portrait from the captured images, which is usually called an inverse rendering process. Then,
we need a proper appearance model for the portrait, in order to change the lighting information
in an intuitive way. Finally, we need to render a new portrait under the new lighting, which

usually involves some forward rendering techniques.



Plenty of prior works have explored techniques for relighting an image. However, their
utility is usually limited due to requirements of specialized hardware, multiple images of the
subject under controlled or known illuminations, or accurate models of geometry and reflectance.
In this thesis, we aim to achieve efficient and practical relighting on human portraits taken under
casual setups. In Chapter 2, we present an efficient and practical method to relight the portrait
under arbitrary natural illuminations with only a single image. In Chapter 3, we investigate the
problem of high-frequency relighting, enabling finer shadow control on portraits taken under a
light stage. And in Chapter 4, we combine our relighting algorithm with view synthesis, and
develop a novel approach that can achieve simultaneous view synthesis and relighting given 5
frontal portrait.

People enjoy taking portraits using their cellphones, but the lighting condition of portraits
taken from the cellphones is not always perfect during capture. It’s always difficult to change the
lighting condition of the real world when we take photos. Thus, in Chapter 2 we present a system
for single image portrait relighting: a neural network that takes as input a single RGB image of
a portrait taken with a standard cellphone camera in an unconstrained environment, and from
that image produces a relit image of that subject as though it were illuminated according to any
provided environment map. Our method is trained on a small database of 18 individuals captured
under different directional light sources in a controlled light stage setup consisting of a densely
sampled sphere of lights. Our proposed technique produces quantitatively superior results on our
dataset’s validation set compared to prior works, and produces convincing qualitative relighting
results on a dataset of hundreds of real-world cellphone portraits. Because our technique
can produce a 640 x 640 image in only 160 milliseconds, it enables interactive user-facing
photographic applications. Our proposed algorithm has later led to a new feature Portrait Light
launched on Google Pixel phones. This feature allows the users to easily alter the lighting
condition of a captured portrait photo, as shown in Fig. 1.2.

We use a light stage to capture the appearance of the human subject under different light

sources, which enables image-based relighting in novel environments. However, due to the finite
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Figure 1.2. Portrait Light on Google Pixel phones

number of lights in the stage, when relighting the subject with a point light or a directional source
that does not coincide exactly with one of the lights in the stage, the traditional image-based
relighting technique leads to ghosting shadows, aliased specularities, and other artifacts. To
ameliorate these artifacts and produce better results under arbitrary high-frequency lighting, in
Chapter 3 we introduce a learning-based solution for the “super-resolution” of scans of human
faces taken from a light stage. Given an arbitrary “query” light direction, our method aggregates
the captured images corresponding to neighboring lights in the stage, and uses a neural network
to synthesize a rendering of the face that appears to be illuminated by a “virtual” light source
at the query location. This neural network must circumvent the inherent aliasing and regularity
of the light stage data that was used for training, which we accomplish through the use of
regularized traditional interpolation methods within our network. Our learned model is able
to produce renderings for arbitrary light directions that exhibit realistic shadows and specular
highlights, and is able to generalize across a wide variety of subjects. Our super-resolution
approach enables more accurate renderings of human subjects under detailed environment maps,
or the construction of simpler light stages that contain fewer light sources while still yielding

comparable quality renderings as light stages with more densely sampled lights.



Human portraits exhibit various appearances when observed not only under different
lighting conditions but also from different views. Our relighting algorithms introduced in
Chapter 2 and 3 enable changing of the light but not the view. To this end, in Chapter 4
we present a system for portrait view synthesis and relighting: given multiple portraits, we
use a neural network to predict the light-transport field in 3D space, and from the predicted
Neural Light-transport Field (NeLF) produce a portrait from a new camera view under a new
environmental lighting. Our system is trained on a large number of synthetic models, and can
generalize to different synthetic and real portraits under various lighting conditions. Our method
achieves simultaneous view synthesis and relighting given multi-view portraits as the input, and
achieves state-of-the-art results.

In Chapter 5, we summarize the contributions of the thesis and discuss possible future
directions on human portrait relighting and view synthesis, and more broadly about appearance
representation. We believe our works on portrait relighting and view synthesis have inspired and
will continue to inspire new lines of works on general appearance acquisition and representation,
including neural rendering approaches, generalized appearance modeling, inverse rendering

techniques, dynamic scene acquisition, etc.



Chapter 2

Single Image Portrait Relighting

2.1 Introduction

The rise of mobile computing has led to tremendous growth in the popularity of consumer
digital photography, and one of the most popular and ubiquitous kinds of photos taken is the
portrait: an image of a human subject’s face or upper body. Portrait photography follows in the
tradition of portrait painting, where since the renaissance artists have recognized how lighting
can capture the depth and essence of the subject on a 2D canvas [99]. These ideas largely
influenced professional portrait lighting techniques [98]. In the 18th and 19th centuries, portraits
were often taken by professional photographers, who carefully considered and controlled the
lighting of the scene in addition to the pose and appearance of their subject. In the modern age
of “selfies” and candid photography, it is difficult or impossible for consumer photographers to
control the lighting of their subject — one would likely not consider interrupting an engagement
proposal or a piano recital to set up studio lighting. Moreover, professional-quality lighting often
requires expertise and special equipment such as flashes, deflectors and diffusion panels. These
techniques are out of reach for casual mobile phone photographers, whose only available light
is usually the flash built into standard consumer cameras, which tends to produce garishly-lit
results [86]. These casual photographers would benefit greatly from the ability to relight their
portrait photos, and change the lighting of their image in a post-processing setting to that of

some other environment.



(a) Input image and esti- (b) Rendered images from our method under three novel illuminations
mated lighting

Figure 2.1. Given only a single input image taken with a standard cellphone camera of a portrait
(a), our model is able to quickly (160 ms.) generate new images of our human subject as though
they are illuminated under new, previously-unseen lighting environments (b).

In this chapter, we present a model that requires as input only a single RGB image
of a portrait of a single human subject casually captured with a cellphone camera in natural,
unconstrained lighting (Figure 2.1a). Our model consists of a single deep neural network that has
been trained to take such an image as input and produces as output a relit version of the portrait
under an arbitrary user-specified environment map (Figure 2.1b), in addition to predicting the
environment map corresponding to the input image (Figure 2.1a).

Unlike traditional [5] and learning-based [101] scene inference or face reconstruction
algorithms, our model does not have any explicit inverse rendering step for estimating geometry
and reflectance. Such approaches are necessarily limited to what is expressible by their estimated
model, such as Lambertian reflectance and spherical harmonic illumination. In contrast, we train
a single neural network (Figure 2.2) to directly produce relit images from an input image and
a “target” illumination — any representation of geometry and reflectance that our model may
recover is fully learned and is represented solely in terms of internal network activations. By
training our network to directly predict a final image and by not imposing any physical constraints
on the implicit representation of our underlying scene (other than the constraints imposed by
neural networks which, given enough capacity, are known to be universal function approximators),

our model is capable of capturing most of the subtleties of human facial appearance, such as
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Figure 2.2. Our relighting system is an encoder-decoder neural network that takes as input a
single input image and a target illumination (injected into the bottleneck of the network), and
produces as output a relit image (a). The encoder also predicts the illumination of the input
image, thereby allowing an input image’s illumination to be recovered during encoding, modified
within the bottleneck of the network, and then decoded to produce a relit image corresponding
to, say, a rotation of the original illumination (b). Images from Google Gcam team members,
used with permission.

shading, scattering, specularities, and shadowing.

One could imagine our proposed model as the core component of a user-facing system
designed to enable post-capture illumination manipulation on a mobile phone. The user could
relight their portraits using various canonical or user-specified environments (Figure 2.2a),
similar to the popular “filters” used by social media platforms like Instagram. Or the user could
relight their image with the environment map corresponding to the input image produced by our
model, by manually rotating or retargeting the environment map to, for example, turn a side-lit
scene into a front-lit scene (Figure 2.2b). In this way, our model is superficially similar to the

“Portrait Modes” already in use by Apple’s iPhone [2] and Google’s Pixel phone [3, 118] which



use learning and computer vision techniques to enable post-capture manipulation of a camera’s
physical depth-of-field. Additionally, the iPhone X features a “Portrait Lighting” mode that
adjusts the brightness and contrast of a human subject, and darkens the background. Critically,
this feature does not relight a scene — it cannot remove or change the illumination of an input
image; it can only modify the effects of the existing illumination.

Our method is trained and validated using only real light stage data for just 22 individuals
captured from 7 different viewpoints and under 304 lighting directions (18 individuals are used
for training, and the remaining 4 are used to validation). By training on real data, we can preserve
the subtleties of non-Lambertian reflectance as it relates to the intricate geometry of human
faces. This dataset is used to train a novel neural network architecture for portrait relighting,
which consists of an encoder-decoder structure that has been augmented to allow for the input
image’s illumination to be predicted from the bottleneck of the network, and allows for the target
illumination that is to be used for relighting to be injected into the bottleneck of the network.
Finally, we demonstrate convincing “in the wild” results on portrait relighting from a single input

image, on a dataset of hundreds of casually captured cellphone portraits.

2.2 Related Work

Portrait relighting can be seen as a special case of image relighting, and also relates to
intrinsic images and shape from shading, as well as monocular face and scene reconstruction

methods, style transfer, photographic post-processing, and deep learning.

Image-Based Relighting

The linearity of light transport allows one to take many images of a subject from the same
viewpoint under different known illuminations, and relight the subject simply by weighting and
linearly combining those images [19]. Though effective, these techniques require hundreds of
images, a near-motionless subject, and precise control over illumination. Therefore, they do not

provide a solution when given a single RGB image of an unknown subject in an unconstrained



environment. However, we show that, just as a light stage scan of a person can be used to relight
that person under any environment, the data collected from such a light stage can be used for

training and evaluating our own portrait relighting algorithm.

Intrinsic Images and Shape from Shading

“Intrinsic image” algorithms, such as the Retinex method [56], abstract away geometry
and attribute image content to either shading or reflectance. But these solutions do not enable
general purpose relighting, as they do not produce the scene geometry required for rendering
novel illuminations. Shape-from-shading solutions assume that materials and illumination
are known or fixed and attempt to recover only geometry [40]. But even this constrained
problem formulation suffers from a variety of ambiguities [6]. We compare to a recent work [5],
which uses priors to estimate shape, illumination, and reflectance from a single image, and we

demonstrate that our algorithm has superior relighting performance.

Monocular Scene Understanding

Monocular 3D estimation techniques [38, 95] are capable of recovering scene geometry
from a single image, and though such geometry allows for lights to be synthetically added to a
scene through straightforward rendering techniques, it does not provide a means by which lights
can be removed, and therefore does not enable relighting. Similarly, monocular illumination
estimation techniques [55, 30, 39] can recover the environment map that illuminated a single
image, but this only enables the lighting of 3D geometry that is added to the scene and does not

solve the problem of relighting existing scene content.

Reflectance and Style Transfer

Peers et al. [85] showed that a flat-lit facial portrait could be re-lit according to a target
environment by multiplying it by an aligned image of a similar reference face seen in the target
lighting environment, divided by the appearance of that reference face seen in flat lighting.
In this case, high-frequency lighting changes in the skin and hair are transferred from the

reference subject, affecting the appearance of hair and specular reflections. The technique



requires a database of reference subjects (chosen manually to approximate the desired subject) to
approximate the facial portrait. Shih ez al. [103] uses a multiscale technique to transfer the local
image statistics of a reference facial portrait onto a new one, matching properties such as local
contrast and the overall lighting direction. This technique can produce compelling results, but is
limited in how much it can change the lighting, and can require manual touch-ups. Nonetheless,
both of these techniques establish that believable relighting can be achieved through image
processing operations based on reference images of other subjects, an idea which is at the core

of our technique as well.

Face Reconstruction and Relighting

Using a morphable model of faces allows for relighting under certain circumstances [10].
But relying on a highly specialized model of faces results in poor performance when presented
with non-generic faces or expressions, or with the non-face content that is common in portraits
such as glasses, shoulders, or hair. The method of Shu et al. [104] builds upon these morphable
models to specifically target single-image portrait lighting transfer with compelling results,
though the proposed system does not allow for general purpose relighting with any environment

map, and shares the aforementioned limitations of a basic morphable model-based approach.

Photographic Post-Processing

Relighting can be thought of as a natural extension of the photometric manipulation
already performed by photographic image processing pipelines. Modern digital cameras carefully
consider and modify the brightness, exposure, and tone of their output images, all of which can
be thought of as the coarse manipulation of scene lighting [36]. Local tone-mapping, which
aims to decrease the dynamic range of an input image while preserving its local contrast, can
also be thought of as a coarse approximation to relighting, and has been explored through classic

algorithms [25, 81] and learning-based approaches [32].
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Deep Learning

The revival of end-to-end trained neural networks in the ongoing “deep learning” boom,
propelled by compelling results in object recognition [54] and enabled by the availability of
differentiable programming frameworks such as Tensorflow [1], has changed the research
landscape across computer science. In particular, convolutional neural networks [57] have
become critical tools in a variety of works related to relighting. The network proposed by Xu
et al. [130] is able to learn a relighting function that can reproduce complicated illumination
effects, but requires five images captured under predefined directional lights as input. Sengupta et
al. [101] leverages 3D morphable models as a source of synthetic training data to train a network
to regress from a face image to a Lambertian intrinsic decomposition and spherical harmonic
illumination, which can then be used for relighting. However, the modeling assumptions imposed
by this technique limit the quality of its output renderings, as skin is highly non-Lambertian and
real-world environment illuminations are poorly approximated by low-order spherical harmonic
illumination. There also exist neural networks [14, 30, 39] that regress from an image (of a face,
of an indoor environment, or of an outdoor environment respectively) to the environment that the
image was illuminated by, but these approaches do not provide a solution for relighting. Li et
al. [60] learns to regress from a single image of an object to a shape and spatially-varying BRDF
that can then be used to relight that object, but requires a known and constrained illumination in
the form of a front-facing flash, thereby preventing user manipulation of any existing natural
illumination of the scene, and limiting the system’s utility to situations in which the camera
flash is the dominant light source and is not socially-disruptive. In this chapter, we use a neural
network to directly learn a function for relighting images in an end-to-end fashion, without

explicitly modeling the geometry or the reflectance of the human face.
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2.3 Learning Relighting for Portraits

Given a single high-resolution portrait image taken under a natural environment, we want
to change only the illumination of the image to another specified lighting environment while
keeping the subject of the portrait image the same. We assume that the portrait is taken roughly
from the front-facing direction, within +20 degrees of deviation from the center, and that the
lights are distant from the subject. In addition to a relit image, we want our model to predict
the illumination of the input portrait image. Formally, given the “source” portrait image I and
the “target” lighting ¢;, we want to learn a function ®(-) that predicts the lighting of the source

portrait image 7 and a target portrait image I lit by the target lighting:
I, 2 = (I, 0,). 2.1)

We want ®(-) to generalize to portraits of a wide range of people with different skin tones,
facial expressions, and viewing directions, all taken under a wide variety of different far-field
illuminations.

Previous works [5, 101, 44] usually address this problem by first performing an intrinsic
decomposition on the image, and then using that decomposition to render a new image according
to the target lighting. This approach places implicit constraints on the resulting rendering, often
in the form of Lambertian reflectance and spherical harmonic illumination. In this chapter, we
adopt an end-to-end approach: we use a neural network to model the relighting function ®(-)
that directly predicts the portrait under the target lighting. By using learning instead of an explicit
representation of a reconstructed scene, our approach is capable of modeling the broader range
of physical phenomena present in human skin and faces including interreflection, scattering,
shading, and specularities.

In Section 2.3.1, we describe our pipeline for portrait collection and dataset synthesis.

The resulting portrait input/output pairs are then used as training data by our Portrait-Relighting
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Network, which is described in Section 2.3.2. Our loss function and our training procedure are

described in Section 2.3.3.

2.3.1 Data

Portrait Imagery

In contrast to most supervised learning tasks in computer vision, collecting even a small
amount of data for a relighting task is onerous: the subject must be stationary, and must be
repeatedly imaged from the same viewpoint with different known illuminations. For this reason,
previous works [101, 60] have relied heavily on synthetic, often Lambertian, images for use as
training data. However, there is a significant gap between real and synthetic faces, particularly in
terms of skin reflectance [22] and fine geometric detail [75]. And though morphable models [10]
can be used for synthesizing images of faces, they do not provide a means for synthesizing
realistic hair, torsos, or accessories. The efficacy of modern deep learning techniques means that,
though neural networks are capable of learning a complicated mapping from input to output,
they will also absorb the biases and inaccuracies of the data with which they have been trained.
Because we want to produce more realistic output than the Lambertian synthetic data commonly
used for training, we choose to use only real-world portraits when learning ®(-).

We use a light stage setup similar to Wenger et al. [125] to capture the real-world
portrait images that will be used to synthesize our training data. The light stage consists of
304 LED light sources tessellating a sphere surrounding the subject, and seven machine vision
cameras positioned in front of the subject, where all lights and cameras are programmable
and synchronized. A human subject is seated in the center of the light stage and is asked to
remain stationary. We capture a series of images of the subject in which each of the 304 LED
light sources is turned on to a white color while all other lights are off. We refer to this set of
images produced by each camera as a “one-light-at-a-time” (OLAT) imageset. The acquisition
process lasts about 6 seconds, during which all but the most disciplined of subjects have likely

moved slightly. For this reason, during each capture we take an additional image every 11th
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(a) OLAT images (7 cameras). (b) Ground-truth renderings.

Figure 2.3. A set of example images from the hexagon shaped multi-camera rig installed on
our light stage for one light in an OLAT imageset (a). The center camera is 1.7 meters away
from the subject, and each vertex camera deviates from the center camera by around 20 degrees.
This allows us to cover the most common views of a human face in a portrait or selfie. Then, the
images can be linearly weighted and combined to obtain images lit by environment illuminations,
to generate ground truth for training (b).

frame in which all LEDs are on. These “tracking frames” are used as input to an optical flow
algorithm [125], and the resulting flow fields from these frames are used to advect the OLAT
frames in the imageset (assuming linear motion between tracking frames) to remove all but the
smallest movements made by the subject.

A 7-camera rig (Figure 2.3(a)) in a hexagonal shape is installed on the light stage, and
covers a viewing angle for a human face of +20 degrees with respect to the frontal view. We
capture 22 subjects, each with 3 to 5 different facial expressions (neutral, smile, laugh, frown,

and raised eyebrows). We use 18 of the subjects for training and the rest for validation. The
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demographics of our subjects were largely determined by circumstance, and as such they are
somewhat skewed in terms of skin color and gender. We therefore manually constructed our
training and validation set in an effort to prevent overfitting and to avoid under-representing
minorities in the validation set. Our training set contains 7 male Caucasians, 7 male Asians, 2
female Caucasians, 1 female Asian, and 1 female of African descent. Our validation set contains
1 male Caucasian, 2 male Asians, and 1 female of African descent. The combination of subjects

and facial expressions results in 98 captures, with 81 used for training.

Environment Lighting

To render our OLAT imagesets under natural illumination conditions for training and
testing purposes (Figure 2.3(b)), we require many natural illuminations. For this, we use the
Laval Indoor HDR Dataset [30] which consists of 2144 high dynamic range indoor environment
maps, and we further collect 950 high dynamic range outdoor environment maps taken from a
variety of sources: Eisklotz, HDRI Haven, HDRI Skies, HDRLabs, HDRMAPS, NoEmotion
HDRs, and Openfootage. In all, we have 3094 different environment illuminations, of which a

random selection of 2560 are used for training and the remaining 534 are used for validation.

Data Processing

With our OLAT imagesets and our environment illuminations, we can now generate
paired portrait images which differ only in terms of illumination. The resolution of our OLAT
images is 2400 x 1800. For each image, we first use the human segmentation algorithm [118]
to mask out the background. Then we take a random crop from the OLAT imageset, with a
position chosen uniformly at random and with the crop size chosen uniformly from [512,1024]
at random. We then randomly select two environment illuminations (represented in latitude-
longitude format), and to each we apply a random rotation in [0°,360°] in its longitude (but
not in its latitude). Each environment illumination is then resized to 128 x 256, at which point
it is projected onto the basis defined by the LEDs of the light stage. By taking a weighted

combination of the images in the OLAT imageset according to these projections onto this LED
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Figure 2.4. The architecture of our neural network. The source input image is passed through
a series of conv layers that gradually decrease spatial resolution while increasing the number
of channels. After encoding, a confidence-weighted average predicts the illumination that the
source image was lit by. The target light is then injected as input into the bottleneck of the
network, and this target light along with the encoding of the source image is decoded (with
skip connections) into the output target image. Losses are imposed to minimize the differences
between the true and output target images, and between the true and output source lights. When
evaluating our “self-supervision” loss, this architecture is modified such that the output source
light with a certain rotation is used as the target light when decoding.

basis, we are able to render the cropped OLAT imageset under our two lighting conditions. After
rendering, these illuminations are then mapped back to the latitude-longitude format of size
16 x 32. This is done by modelling each LED as a Gaussian light (where mean position U is
each LED’s position in camera coordinates and standard deviation ¢ = 8°) and then projecting
onto the basis defined by the PDF of these Gaussians. Finally, the rendered portrait pair is
downsampled to 256 x 256, and each image (and its corresponding environment illumination)
is scaled such that the maximum pixel intensity in each image is 1. All processing is done in
the linear domain, without gamma correction. In total, we generate 226,800 portrait pairs as
training data. Note that there is no overlap between training or validation subjects or environment
illuminations — training illuminations are only ever paired with training OLAT imagesets, and

validation illuminations are only ever paired with validation OLAT imagesets.

2.3.2 Network Architecture

The structure of our Portrait-Relighting Network (PR-Net) is shown in Figure 2.2 and

Figure 2.4, and superficially resembles the structure of the popular U-Net [93]: an encoder-
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decoder structure with skip connections. In the encoder, the source portrait image I is processed
by a series of conv layers (with strides of 1 or 2) that gradually decrease spatial resolution
and increase the number of channels. The final encoded activations at the bottleneck of the
network are then used to predict the illumination corresponding to the source image 7. This
illumination prediction is performed using the “confidence learning” approach [41], which
has previously been used for the related problem of color constancy. This approach is used
because, due to the finite spatial support of the conv layers in our network, the encoded network
activations only reflect a limited region of the whole image — they can only “see” what lies
within their receptive field. If the network only observes the part of the image corresponding to
the left cheek of subject, it’s unreasonable to ask it to predict the incident illumination coming
from the right. However, if we designed our network architecture such that the left side of the
illumination were to be predicted solely from the left side of the image, we would be depriving
our network of the ability to reason about the entire image, which is valuable given the global
nature of illumination. Therefore in our lighting prediction, for each location in our encoding
bottleneck (each of which corresponds to some limited receptive field) we have our network
predict a complete RGB environment illumination as well as a confidence map associated with
that location in the bottleneck. We then take a weighted average of these predictions according
to their corresponding confidences to get our final predicted lighting /. Note that in order to
keep our network fully convolutional, the spatial resolution of the environment illumination is
packed into the channel dimension.

In the decoder of our network, we feed the target lighting ¢; as input into the network
and encode it using conv layers before concatenating it with the representation of the source
image produced by the encoder. This concatenated encoding is then passed through a series of
transposed conv layers (with strides of 1 or 2), and is gradually upsampled back to a 3-channel
image with the spatial resolution of the input source image, which is our output target portrait
image I;. At each decoder layer we use a skip connection from the corresponding encoder layer

and concatenate the network activations accordingly.
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All conv layers are followed by a group normalization [127] and an activation function.
A sigmoid activation is used in the layer before the target portrait image prediction (as images
are assumed to be in [0, 1]), a softplus activation [23] is used immediately before the weighted
average that predicts the lighting of the source portrait (as confidence must be non-negative), and

a PReLU activation [37] is used after all other layers.

2.3.3 Loss Function and Training

Our model is trained through the minimization of a weighted combination of three loss
functions. The first loss minimizes errors between the true target image I; in our dataset and
the target relit image I; predicted by our network according to the “target illumination ¢. The
second loss minimizes errors between the predicted source illumination # and the true source
illumination /. To evaluate our third “self-supervision” loss, we modify our network architecture
slightly and replace the true target illumination ¢, that was previously used as input to the decoder
stream of the network with the predicted source illumination /, that is produced by the model,
and minimize errors between the resulting reconstruction of the source image Iy and the input
source image I. The goal of the first loss is straightforward: we would like our model to produce
accurate relightings. The next two losses have a more nuanced effect: by ensuring that the model
can accurately reproduce its own input image and illumination, we enable the use-case in which
our model is used to alter the existing illumination in the scene, rather than replace it entirely
with some new illumination. Additionally, we will show that imposing these two secondary loss
functions actually improves performance on our primary goal of relighting.

The loss we will use when comparing relit or reconstructed images is the per-pixel L
distance between our predicted image 1 and the true image I, after the background has been
masked out:

#(L1) = Mo (-1, 22)

where M is a per-pixel portrait mask, and © is element-wise multiplication. For the illumination
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prediction, we use the weighted log-L, distance of [123]:

A (2,0) = || (log(1+2) —log(1+0))|[3, 2.3)

where Q is the solid angle of each “pixel” in our environment illumination in their latitude-
longitude representation. With these defined, we can construct our complete loss function

as:
L = ﬁ (iblt) + /llight : gL (ngs) +A'self : ﬁ (iSaIS) ) (2.4)

where we set the hyperparameters Ajjop; = 0.8 and Ageyr = 1.

As is often the case with autoencoders, our self-supervision loss works best if the
predicted source illumination that is fed back into the decoder of the network is “jittered” slightly.
Otherwise the network may begin to generalize poorly to illuminations that are similar to training
data instances but are not themselves present in the data, which results in flickering when
synthetically rotating the illumination during relighting and in color shifts when relighting in
general. To ameliorate this, during training we apply a random rotation of 6 € [0°,360°] to each
environment along its longitude, and correspondingly re-render the “source” image with that
rotated environment.

Our model is implemented using TensorFlow [1]. We train our model on 4 NVIDIA Tesla
V100s with batch size 2 on each device. We use the Adam optimizer of [53] with a learning rate

of 107 to train the network, and our model converges after 20 epochs (which takes ~ 26 hours).

2.4 Evaluation

Here we evaluate our proposed model against prior works and against ablations of our
own model. We present results on two tasks: in Section 2.4.1 we measure the quality of the relit

images produced by each model, and in Section 2.4.2 we measure the quality of the environmental
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illuminations produced by each model.

2.4.1 Relit Images
Metrics

We measure the relighting performance using three error metrics across our validation
set: RMSE, scale-invariant RMSE (RMSE-s), and DSSIM. Our scale-invariant RMSE solves for

the single scale-factor that can be applied to the predicted image to best minimize RMSE.
RMSE-s(I;, 1) = min|| ok — L] (2.5)

We use this metric because a relit image that is correct up to a scale factor may still be useful
in many photographic contexts. Note that this metric solves for a single global scaling rather
than a per-channel scaling, meaning that it still sensitive to erroneous tints in the output image.
Our DSSIM implementation uses a 11 x 11 Gaussian filter with ¢ = 1.5,k1 = 0.01,k2 = 0.03,
as is recommended by [121]. DSSIM is computed on each RGB channel individually, which
(because DSSIM is invariant to local scaling) means that our DSSIM metric is invariant to both
global and local scaling and color shifts. Our metrics thereby span a continuum of invariance,
from RMSE (which is invariant to nothing) to DSSIM (which is invariant to local and global
scaling and tinting). This continuum is worth considering when designing error metrics for this
task, as a common mistake for relighting or intrinsic image decomposition algorithms is that of

erroneously producing a scaled up illumination and a correspondingly scaled down albedo.

Intrinsic decomposition methods

In Table 2.1 we present the performance of our models compared to several state-of-the-
art methods for the single-image relighting task on the validation set of our dataset. This table
primarily serves to report the performance of each algorithm in terms of prediction of the “target”
portrait image for each validation set scene, though we additionally report the accuracy of each

model in reconstructing the source image — the input image itself — according to the predicted

20



Table 2.1. Here we benchmark our model on the validation set of our dataset against prior work
on single-image relighting and against ablations of our model. The “Target” metrics measure
each algorithm’s accuracy in predicting each desired relit image, and the “Source” metrics
measure each algorithm’s accuracy in predicting the input image itself according to the model’s
predicted illumination. The reported metrics and runtimes are the arithmetic mean over all
images in the validation set. The top three techniques for each metric are highlighted in red,
orange, and yellow respectively.

Target Source
Algorithm RMSE RMSE-s DSSIM | RMSE RMSE-s DSSIM | Time (sec)
SIRFS [5] 0.1715  0.0935  0.0827 0 0 0 788

SfSNet [101] | 0.2397  0.0997  0.1297 | 0.0698  0.0673  0.0899 0.7442

Our model 0.0435 0.0351 0.0251 | 0.0170 0.0156  0.0060 0.1616
Ours w/o light
prediction 0.0460 0.0395 = 0.0251 - - - -
Ours w/o self
supervision | 0.0448 0.0370 0.0258 | 0.0313 0.0282 0.0118 -

illumination from the model. These “source” error metrics are of interest for the use-case in
which a user of our system wishes to modify the illumination of the input image, rather than
completely replace it. Note that it is possible for a model to trivially minimize the “source”
error metrics by simply returning the input image, but it is not possible to trivially minimize
the “target” error metrics. In addition to these error metrics, we additionally report the average
runtimes for each technique across the validation set, all of which were benchmarked using the
same computer that was used during training.

Our comparison against SIRFS [5] was done using the code provided by the authors, with
no modification. Relighting is performed by taking the surface normals and reflectance recovered
by the model along with the desired environment illumination, then solving a linear system to
recover the spherical harmonic illumination that best reproduces the log of the environment
illumination (this model is designed to work with “log-shading”), and then rendering the surface
normals and reflectance according to that spherical harmonic illumination. Note that the source
error metrics are trivially minimized by this baseline, because the intrinsic decomposition

produced by this model is constrained to exactly reproduce the input image by construction.
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Because the SIRFS supports arbitrary-resolution inputs, images are processed at their native
resolution, and the output relit images are downsampled to the 640 x 640 resolution used by our
model. Our comparison against the SfSNet [101] was also done using the code provided by the
authors with no modification, and relighting was performed by rendering the output normals
and reflectance produced by the model with its predicted environment illumination. Because
this model only supports 128 x 128 resolution inputs, we downsample the input image before
relighting and then upsample the output relit image to 640 x 640 before computing our error
measures.

From Table 2.1 we see that our model outperforms prior work in terms of all three of
our “Target” error metrics by a significant margin, with reduced error rates compared to the next
best-performing technique by 57% - 75%. Our performance on the “Source” error metrics is the
second lowest after the SIRFS [5], which by construction perfectly reproduces its input image.
Additionally, our technique is ~ 4.6 x faster than the SfSNet [101] and ~4800x faster than the
SIRFS [5]. To further demonstrate this improved performance, in Figure 2.5 we visualize our
model’s performance compared to our baselines on three of our validation set scenes, and see
that our model consistently produces realistic relighting results while the baseline techniques do
not. Figure 2.5 also includes a comparison against the technique of Li et al. [60], which (unlike
our technique and our primary baselines) requires an input image in which the illumination is
fronto-parallel. To produce these baseline results we use the fronto-parallel illuminated image
from each OLAT imageset as input to this model, thereby satisfying its constraints. This is a
generous comparison, as a known and controlled illumination significantly reduces the difficulty
of single-image relighting. Despite this advantage, as shown in Figure 2.5, this approach does

not produce satisfactory results on this task.

Lighting transfer methods
In Table 2.2 we compare our model against two illumination transfer algorithms [103,

104], which do not perform relighting in the same manner as our model, but instead work by
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Target image prediction
(a) Source  (b) Target SfSNet Li et al.
image image |(c) Our model (d) SIRFS [5] (e) [101] ) [60]

Figure 2.5. Here we present results using the validation set of our dataset. The “Source image”
(a) shows the input image to our system and the true illumination (top left) that lit this scene,
as well as the illumination predicted by our model (top right). The “Target image” (b) shows
the true illumination (top left) that we wish to relight the “source” image with, as well as the
true appearance of the subject under that illumination. The remaining columns compare the
output of our model (c) with three state-of-the-art baseline models (d, e, f). Our model’s output
is significantly more realistic and compelling than that of any baseline, even when presented
with challenging scenarios such as relighting from a back-lit scene to a front-lit scene (row 1),
cast shadows (row 2), and subsurface-scattering and translucency due to backlighting (row 3).

transferring the lighting conditions from one portrait to another. These transfer algorithms take
as input two images: the “source” image that is to be modified, and a “reference” image that
contains the illumination that we would like to transfer. The output of these models should be
the subject of the source image lit by the illumination in the reference image (the “target” image,
using the nomenclature of this work).

Comparing our model against these transfer techniques is challenging, as they do not learn

from training data, and instead require a reference image as input. Therefore, when evaluating
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Table 2.2. Here we compare our model against two lighting transfer algorithms. Each transfer
algorithm is evaluated in two settings: a generous setting one in which the ground-truth output
image is presented as input as a reference, and a more-fair setting in which the reference image
is a portrait of a different subject illuminated by the desired lighting. Our model significantly
outperforms the two baselines in the randomized setting, and even outperforms the two baselines
on two of our three metrics in the “oracle” setting where the baselines have access to the
ground-truth

Target

Algorithm RMSE RMSE-s DSSIM
Shih et al. [103] + ground-truth | 0.0406  0.0401 0.0373
Shu et al. [104] + ground-truth | 0.0563  0.0528  0.0408

Shih et al. [103] 0.1012  0.0874  0.0653
Shu et al. [104] 0.0697  0.0456  0.0300
Our model 0.0435 0.0351 0.0251

Output target image prediction
(a) Source (b) Target  (c) Reference (e) Shih (f) Shu
image image image | (d) Our model eral. [103] etal. [104]

Figure 2.6. Here we show a qualitative comparison between lighting transfer algorithms our
method. In the top row we provide the target image as a reference to each lighting transfer
algorithm, and in the bottom row we provide a random subject as a reference (these reference
images are not used by our model). Under both setups, our model produces a more natural
lighting on the portrait, while both baseline lighting transfer methods introduce artifacts on
human faces.

against these models on our validation set, we must decide which image from our training data to
present to each model as its “reference”. In an attempt to produce a fair comparison, we primarily

evaluate against each baseline by using a random image of a different person rendered under
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the “target” illumination as the reference image. In this setting, we outperform both baselines
on all error metrics by a large margin. We also present additional “oracle” results in which we
use the ground-truth target image directly as the reference image. This comparison is generous
to the transfer techniques, as simply returning the reference image would result in a perfect
reconstruction of the target image with zero error. Performance in this “oracle” setting should
be thought of as a bound on performance in more realistic settings. Despite the advantage of
the transfer techniques in this setting, our model still outperforms these two “oracle” baseline
techniques in two of the three error metrics we evaluate against. See Figure 2.6 for a qualitative

comparison of our model and these lighting transfer algorithms.

Ablation study

We additionally perform an ablation study of our own model to demonstrate the contribu-
tion of specific model components. In the model labeled “Ours w/o Light Prediction” in Table 2.1
we set ?Lligh, = 0, thereby disabling the loss on the branch of our network architecture that would
otherwise predict the illumination of the input image. As such, this model is unable to reconstruct
its own input image (hence the missing “Source” error metrics for this baseline), but we also
see that this model performs worse on the “Target” metrics than our complete model, thereby
demonstrating this additional illumination supervision improves performance on the relighting
task. In the model labeled “Ours w/o Self-Supervision” we set As.jr = 0, thereby disabling the
self-supervision loss that would otherwise encourage training to accurately reconstruct the source
input image. This decreases the accuracy of the model in terms of the source error metrics, as
one would expect, but it also reduces performance in terms of the target error metrics, thereby
demonstrating that self-supervision is a useful cue even if accurately reproducing the input
image is not a desired goal of the model. See Figure 2.7 for a visualization of the effect of

self-supervision.
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Ours w/o

Our model self-supervision

Source image

Figure 2.7. Instead of completely replacing the true illumination of the scene (left top inset),
one may want to instead recover the existing illumination of the scene (right top inset) and then
modify it. To this end, we impose a self-supervision loss during training, which causes our model
(middle column) to more accurately reproduce the input (left column) than a model trained
without self-supervision (right column). Self-supervision helps our model correctly disentangle
skin color from illumination color, as evidenced by the unnatural skin colors in the model without
self-supervision.

2.4.2 Estimated Lighting

We also evaluate our model’s ability to predict the lighting from a single portrait. Due

to the ambiguity between light source strength and surface albedo [6], we use scale-invariant
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Input image Estimated lighting
Our model SIRFS [5]

Ours w/o
confidence learning StSNet [101]

S

Figure 2.8. Here we show lighting estimation results for our model and prior works given a
single portrait image. Our model can accurately recover the locations and the colors of multiple
light sources, while other methods struggle with high-frequency illumination effects or the
non-Lambertian properties of human skin.

Table 2.3. Here we evaluate our model in terms of the quality of its estimated illumination
environments, compared to previous works and to our model without confidence learning. Our
model outperforms prior lighting estimation algorithms, and we see that removing confidence
learning significantly degrades performance, thereby demonstrating its value.

Algorithm RMSE-s
SIRFS [5] 1.3972
StSNet [101] 1.3252
Our model 0.6633
Our model w/o confidence learning | 0.8231

RMSE as our evaluation metric, weighted by the solid angle:
RMSE-s(, () = min||Q© (adi ~ L) .- (2.6)

Where Q contains the solid angle of each pixel in the environment illumination.

In Table 2.3 we evaluate the predicted illuminations produced by our model against
two other lighting estimation algorithms [5, 101], as well as an ablation of our model without
confidence learning. Our method outperforms our ablation and all prior works by a large amount.

See Figure 2.8 for a visualization of these predicted illuminations. The poor performance of the
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Input Image Relit Images
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Figure 2.9. Examples of our model being used for complete relighting on “in the wild” portrait
images taken from the Portrait-mode and HDR+ dataset [118, 36]. Using only an RGB input
image and the portrait mask produced by [118], we are capable of producing relit images
according to arbitrary environment illuminations for a wide variety of subjects and viewing
angles. First and third input images in the left column are from Google Gcam team members,
used with permission.

intrinsic decomposition methods [5, 101] is likely due to their use of spherical harmonics to model
illumination, which constrains their output to model only low frequency effects. Confidence
learning’s positive contributes is likely because it allows the network to reason about only a part
of the lighting from an image patch, thus it helps reducing the speckling in the predicted light

behind human subject.

2.5 Real-world Results

We additionally evaluate our model on a wide variety of portraits image taken with a
standard cell phone, using the Portrait-mode and HDR+ dataset [118, 36]. Despite the small

number of subjects in our training data, our model generalizes well to these varied images taken
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“in the wild”.

Complete relighting

Figures 2.1 and 2.9 show the results of using our model for the task of complete relighting
— replacing the illumination of the scene. The foreground masks produced by Wadhwa et
al. [118] are used to isolate the portrait’s subject before it is used as input to our model, and our
renderings are produced by compositing the relit foreground over a synthetic rendering of the
target illumination. Despite significant variation in the skin tones and ages of the subjects, and in
the camera angle and initial illumination, our model is capable of producing realistically relit
renderings. Our model is able to process input images that exhibit complex appearance effects
such as specularities, soft-shadows and sub-surface scattering, and successfully reproduces those
effects in its output renderings. While our network is trained with only viewing angles within a
20° cone around the frontal direction, our method appears to generalize to images with more
slanted viewing directions (e.g. the second row of Figure 2.9). Our method also generalizes
in terms of the age of the subject, as though our training data consists only of people aged 20
through 40, we are able to process images of children and seniors (e.g. the last two rows of
Figure 2.9).

In Figures 2.1 and 2.10, we see that our network is capable of handling portraits in which
the subject contains objects that are not present in the training set (food, hats, and sunglasses).
The network appears to relight and recolor these objects in a way similar to skin or clothing,

which results in plausible looking renderings.

Illumination retargeting

Because our model produces an estimation of the illumination of the input image, and
because of our use of self-supervision during training, our model can be used to “retarget” the
input illumination and render new portraits in which the original lighting is rotated, as shown in
Figure 2.11. When rendering these examples, instead of replacing the background of the image

with the environment map, we composite our relit image back onto the background of the input
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Figure 2.10. Portrait images often contain subjects holding objects or wearing accessories such
as sunglasses. Despite not having seen such objects and accessories during training, our model
generalizes reasonably to these images.

Figure 2.11. Here we present instances of illumination retargeting on “in the wild” portrait
images. The illumination of the input image is recovered by our model, manually rotated by the
user, and then this retargeted illumination is used to re-render the image. Second input image is
from Google Gcam team members, used with permission.
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Figure 2.12. Our model can be used for lighting transfer, by using the predicted light of a
reference image to relight some input image. First reference image is from Google Gcam team
members, used with permission.

image using the same mask used to extract the foreground subject.

Light transfer

Though our model was not designed for the task of transferring the lighting from one
portrait to another, it can be used for lighting transfer: we predict the lighting from one portrait
and then relight another image according to that predicted lighting. As we can see in Figure 2.12,
despite different hair colors or facial expression, our algorithm is capable of producing reasonable

lighting transfer results.

Limitations

While our method performs well in most cases, it is not without limitations, as can be seen
in Figure 2.13. Our model generalizes poorly when presented with input images that contain hard
shadowing, sharp specularities, or saturated pixels, as these phenomena are underrepresented in
our training data. It might be possible to fix this problem by adding more training images with
hard shadows and sharp specularities. Additionally, our model struggles when presented with

accessories containing saturated colors, which are not present in our training data. It may be
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Input Image Relit Image

Figure 2.13. When presented with images which deviate significantly from our training data,
our model may begin to generalize poorly. Input images lit under harsh illuminations that result
in hard shadows, specularities, or saturated pixels may result in artifacts in the output renderings
(top). Additionally, subjects wearing accessories with highly saturated colors may result in
artifacts (bottom). Images are from Google Gcam team members, used with permission.

possible to use semantic or geometric understanding to ameliorate this issue.

2.6 Conclusion

In this chapter, we have presented a learning-based technique for single image portrait
relighting: taking a single RGB image of a human subject in an unconstrained environment
and modifying it to appear as though it were illuminated by a different environment. To
train our model we have captured a light stage database of a small number of individuals
imaged under directional light sources which, when combined with abundantly-available natural
environment maps, allows us to generate a large amount of realistic training data for relighting.
We have presented a novel neural network architecture for predicting the illumination of the
original environment alongside a relit output image in a new target environment, and we have

demonstrated the value of self-supervision during training. Our technique outperforms state-of-
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Figure 2.14. Based on our technology of single image portrait relighting, Google has introduced
Portrait Light into Pixel phones as well as other applications such as Google Photo.

the-art relighting techniques on the validation set of our dataset, and performs well in practice on
another dataset of hundreds of real-world unconstrained portrait photos taken with an ordinary
cellphone camera.

The high-quality renderings produced by our technique, combined with its generality
and speed (160 milliseconds per 640 x 640 image) have enabled compelling consumer-facing
photographic relighting applications. Based on the technology introduced in this Chapter, Google
has launched a new feature Portrait Light on Pixel phones, which allows the consumers to alter
the lighting condition of a portrait after the capture by just tapping their fingers on the screen. This
technology has also been extended to other Google products such as Google Photo (Fig. 2.14).
We envision this technology of single image portrait relighting will be more prevalent in future
commercial products, enabling everyone to easily control the lighting of portraits.

This chapter is a reformatted version of the material as it appears in “Single Image
Portrait Relighting”, Tiancheng Sun, Jonathan T. Barron, Yun-Ta Tsai, Zexiang Xu, Xueming Yu,
Graham Fyffe, Christoph Rhemann, Jay Busch, Paul E. Debevec, and Ravi Ramamoorthi, ACM
Transactions on Graphics (TOG) 38 (4), 2019 [109]. The dissertation author was the primary

investigator and author of this paper.
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Chapter 3

Light Stage Super-Resolution: Continuous
High-Frequency Relighting

3.1 Introduction

The portrait relighting algorithm presented in Chapter 2 enables changing the lighting
of a portrait into natural, low-frequency illuminations. However, the algorithm is not capable
of handling all kinds of difficult lightings, such as point lights or a very bright sun. In this
Chapter, we investigate how to control the lighting condition of a portrait under all possible
illuminations, especially under high-frequency lightings. This is actually a central problem in
computer graphics and computer vision: acquiring some observations of an object, and then
producing photorealistic relit renderings of that object.

A light stage represents an effective solution for this task: by programmatically activating
and deactivating several LED lights arranged in a sphere while capturing synchronized images,
the light stage acquires a full reflectance field for a human subject, which we refer to as a
“one-light-at-a-time” (OLAT) image set. Because light is additive, this OLAT scan represents
a lighting “basis”, and the subject can be relit according to some desired environment map by
simply projecting that environment map onto the light stage basis [19].

Though straightforward and theoretically elegant, this classic relighting approach has a
critical limitation. The lights on the light stage are usually designed to be small and distant from

the subject, so that they are well-approximated as directional light sources. As a consequence,
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Figure 3.1. Though the light stage is a powerful tool for relighting human subjects, its renderings
suffer because adjacent lights of the stage are separated by some distance (a). Using conventional
image blending techniques to reconstruct the image corresponding to a “virtual” light that lies
between the stage’s actual lights therefore results in ghosting in shadowed and specular regions
(b), seen here on the subject’s eyes and cheek. By training a deep neural network to regress from
a light direction to an image, our model is able to synthesize accurate renderings of the subject
under arbitrary virtual light directions — as the light moves, highlights and shadows move
smoothly instead of incorrectly blending together, thereby enabling realistic high-frequency
relighting effects (c). These images have been manually but uniformly brightened and color-
corrected, and are rendered with insets to highlight detail.

realistic high-frequency effects such as sharp cast shadows and specular highlights are present in
the captured OLAT images. In order to achieve photorealistic relighting results under all possible
lighting conditions, the lights must be placed closely enough on the sphere of the stage such
that shadows and specularities in the captured images of adjacent lights “move” by less than
one pixel. However, practical constraints (the cost and size of each light, and the difficulty of
powering and synchronizing many lights) discourage the construction of light stages with very
high densities of lights. Even if such a high-density light stage could be built, the time to acquire
an OLAT increases linearly with the number of lights, and this makes human subjects (which
must be stationary during OLAT acquisition) difficult to capture. For these reasons, even the most
sophisticated light stages in existence today contain only a few hundred lights that are spaced
many degrees apart. This means that the OLAT scans from a light stage are undersampled with
respect to the angular sampling of lights, and the rendered images using conventional approaches

will likely contain ghosting. Attempting to render an image using a “virtual” light source that
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lies in between the real lights of the stage by applying a weighted average on adjacent OLAT
images will not produce a soft shadow or a streaking specularity, but will instead produce the
superposition of multiple sharp shadows and specular dots (see Fig. 3.1b).

This problem can be mitigated by imaging subjects that only exhibit low-frequency
reflectance variation, or by performing relighting using only low-frequency environment maps.
However, most human subjects have complicated material properties (specularities, scattering,
etc.) and real-world environment maps frequently exhibit high-frequency variation (bright light
sources at arbitrary locations), which often results in noticeable artifacts as shown in Fig. 3.1b.
To this end, we propose a learning based solution for super-resolving the angular resolution
of light stage scans of human faces. Given an OLAT scan of a human face with finite images
and the direction of a desired “virtual” light, our model predicts a complete high-resolution
RGB image that appears to have been lit by a light source from that direction, even though that
light is not present in our light stage (see Fig. 3.1¢). Our robust solution for “upsampling” the
number of lights, which we refer to as light stage super-resolution, can additionally enable the
construction of simpler light stages with fewer lights, thereby reducing cost and increasing the
frame rate at which subjects can be scanned. Our algorithm can also produce better rendered
images for applications that require light stage data for training, such as portrait relighting or
shadow removal. Casual users can then utilize these algorithms on a single cellphone without
requiring capture inside a light stage. Note that we focus only on human face relighting within a
light stage. While we believe the methods herein could be applied more broadly, a comprehensive
system for general object relighting remains a topic of future work.

Our algorithm (Sec. 3.3) must work with the inherent aliasing and regularity of the light
stage data used for training. We address this by combining the power of deep neural networks
with the efficiency and generality of conventional linear interpolation methods. Specifically, we
use an active set of closest lights within our network (Sec. 3.3.1) and develop a novel alias-free
pooling approach to combine their network activations (Sec. 3.3.2) using a weighting operator

guaranteed to be smooth when lights enter or exit the active set. Our network allows us to
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super-resolve an OLAT scan of a human face: we can take our learned model and repeatedly
query it with thousands of light directions, and treat the resulting set of synthesized images as
though they were acquired by a physically-unconstrained light stage with an unbounded sampling
density. As we will demonstrate, these super-resolved “virtual” OLAT scans allow us to produce

photorealistic renderings of human faces with arbitrarily high-frequency illumination content.

3.2 Related Work

The angular undersampling from the light stage relates to much work over the past two
decades on a frequency analysis of light transport [89, 94, 24], and can also be related to analyses
of sampling rate in image-based rendering [15] for the related problem of view synthesis [72].
This problem also bears some similarities to multi-image super-resolution [71] and angular
super-resolution in the light field [43, 17], where aliased observations are combined to produce
interpolated results. In this Chapter, we leverage priors and deep learning to go beyond these
sampling limits, upsampling or super-resolving a sparse input light sampling on the light stage to
achieve continuous high-frequency relighting.

Recently, many approaches for acquiring a sparse light transport matrix have been
developed, including methods based on compressive sensing [84, 100], kernel Nystrom [119],
optical computing [80] and neural networks [92, 90, 45]. However, these methods are not
designed for the light stage and are largely orthogonal to our approach. They seek to acquire the
transport matrix for a fixed light sampling resolution with a sparse set of patterns, while we seek
to take this initial sampling resolution and upsample or super-resolve it to much higher-resolution
lighting (and indeed enable continuous high-frequency relighting). Most recently, [130] proposed
a deep learning approach for image-based relighting from only five lighting directions, but cannot
reproduce very accurate shadows. While we do use many more lights, we achieve significantly
higher-quality results with accurate shadows.

The general approach of using light stages for image-based relighting stands in contrast
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to more model-based approaches. Traditionally, instead of super-resolving a light stage scan, one
could use that scan as input to a photometric stereo algorithm [126], and attempt to recover the
normal and the albedo maps of the subject. More advanced techniques were developed to produce
a parametric model of the geometry and reflectance for even highly specular objects [115].
There are also works that focus on recovering a parametric model from a single image [101],
constructing a volumetric model for view synthesis [62], or even a neural representation of a
scene [112]. However, the complicated reflectance and geometry of human subjects is difficult
to even parameterize analytically, let alone recover. Though recent progress may enable the
accurate capture of human faces using parametric models, there are additional difficulties in
capturing a complete portrait due to the complexity of human hair, eyes, ears, etc. Indeed, this
complexity has motivated the use of image-based relighting via light stages in the visual effects
industry for many years [116, 18].

Interpolating a reflectance function has also been investigated in the literature. Masselus et
al. [66] compare the errors of fitting the sampled reflectance function to various basis functions
and conclude that multilevel B-Splines can preserve the most features. More recently, Rainer et
al. [88] utilize neural networks to compress and interpolate sparsely sampled observations.
However, these algorithms interpolate the reflectance function independently on each pixel and
do not consider local information in neighboring pixels. Thus, their results are smooth and
consistent in the light domain, but might not be consistent in the image domain. Fuchs et al. [27]
treat the problem as a light super-resolution problem, and is the most similar to our work. They
use heuristics to decompose the captured images into diffuse and specular layers, and apply
optical-flow and level-set algorithms to interpolate highlights and light visibility respectively.
This approach works well on highly reflective objects, but as we will demonstrate, it usually fails
on human skin which contains high frequency bumps and cannot be well modeled using only
diffuse and specular terms.

In recent years, light stages have also been demonstrated to be invaluable tools for

generating training data for use in deep learning tasks [69, 35, 109, 77]. This enables user-
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facing effects that do not require acquiring a complete light stage scan of the subject, such as
“portrait relighting” from a single image introduced in Chapter 2 or VR experiences [35]. These
learning-based applications suffer from the same undersampling issue as do conventional uses of
light stage data. For example, we can observe artifacts from the portrait relighting algorithm in
Chapter 2 when relighting with environment maps that contain high-frequency illumination. We
believe the method introduced in this Chapter can provide better training data and significantly

improve many of these methods in the future.

3.3 Model

An OLAT scan of a subject captured by a light stage consists of n images, where each
image is lit by a single light in the stage. The conventional way to relight the captured subject
with an arbitrary light direction is to linearly blend the images captured under nearby lights in
the OLAT scan. As shown in Fig. 4.1, this often results in “ghosting” artifacts on shadows and
highlights. The goal of this work is to use machine learning instead of simple linear interpolation
to produce higher-quality results. Our model takes as input a query light direction ¢ and a
complete OLAT scan consisting of a set of paired images and light directions {I;,¢;}, and uses a

deep neural network ® to obtain the predicted image I,

1(0) = ® ({1, 6}, ,0). (3.1)

This formalization is broad enough to describe some prior works on learning-based relight-
ing [130, 69]. While these methods usually operate by training a U-Net [93] to map from a
sparse set of input images to an output image, we focus on producing as high-quality as possible
rendering results given the complete OLAT scan. However, feeding all the captured images
into a conventional CNN network is not tractable in terms of speed or memory requirements.
In addition, this naive approach seems somewhat excessive for practical applications involving

human faces. While complex translucency and interreflection may require multiple lights to

39



Spatial Resolution
512x512 256x256 128x 128 64x64 32x32 16x16 8x8 4x4

(<) (ES) . o —

Input or label with c channels Activations with c channels (k x k) Conv AIias-Free 2x biline'ar Concatenation Loss
and nimages (or 1 image) and nimages (or 1image) Layer Pooling upsampling

Figure 3.2. A visualization of our model architecture. The encoder of our model ®(-) takes
as input a concatenation of the nearby OLAT images in the active set and their light directions,
which are processed by a series of stride-2 conv layers. The resulting encoded activations of these
8 images at each level are then combined using the alias-free pooling described in Section 3.3.2,
and skip-connected to the decoder. The decoder ®4(-) takes as input the query light direction /,
processes it with fully connected layers and then upsamples it (along with the skip-connected
encoder activations), and decodes the image using a series of stride-2 transposed conv layers.
Whether or not a conv or transposed conv changes resolution is indicated by whether or not its
edge spans two spatial scales.

reproduce, it is unlikely that all images in the OLAT scan are necessary to reconstruct the image
for any particular query light direction, especially given that barycentric interpolation requires
only three nearby lights to produce a somewhat plausible rendering. Our work attempts to find
an effective and tractable compromise between these two extremes, in which the power of deep
neural networks is combined with the efficiency and generality of nearest-neighbor approaches.
This is accomplished by a linear blending approach that (like barycentric blending) ensures
the output rendering is a smooth function of the input, where the blending is performed on
the activations of a neural network’s encoding of our input images instead of on the raw pixel
intensities of the input images.

Our complete network structure is shown in Fig. 3.2. Given a query light direction /,
we identify the k captured images in the OLAT scan whose corresponding light directions are
nearby the query light direction, which we call active set A(¢). These OLAT images I; and
their corresponding light directions ¢; are then each independently processed in parallel by the

encoder P, (-) of our convolutional neural network (or equivalently, they are processed as a single
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“batch”), thereby producing a multi-scale set of internal neural network activations that describe
all k images. After that, the set of k activations at each layer of the network are pooled into a
single set of activations at each layer, which is performed using a weighted averaging where the
weighting is a function of the query light and each input light W(¢,¢;). This weighted average is
designed to remove the aliasing introduced by the nearest neighbor sampling in the active set
selection stage. Together with the query light direction ¢, these pooled feature maps are then fed
into the decoder @4(-) by means of skip links from each level of the encoder, thereby producing

the final predicted image I(¢). Formally, our final image synthesis procedure is:

1(5):%( Y W(é,é,-)(be(li,éi),E). (3.2)

i€A(0)

This hybrid approach of nearest-neighbor selection and neural network processing allows us
to learn a single neural network that produces high quality results, and generalizes well across
query light directions and across subjects in our OLAT dataset.

Our active set construction approach is explained in Section 3.3.1, our alias-free pooling
is explained in Section 3.3.2, the network architecture is described in Section 3.3.3, and our

progressive training procedure is discussed in Section 3.3.4.

3.3.1 Active Set Selection

Light stages are conventionally constructed by placing lights on a regular hexagonal
tessellation of a sphere (with some “holes” for cameras and other practical concerns), as shown in
Fig. 3.3. As discussed, at test time our model works by identifying the OLAT images and lights
that are nearest to the desired query light direction, and averaging their neural activations. But
this natural approach, when combined with the regularity of the sampling of lights in the light
stage, presents a number of problems for training our model. First, we can only supervise our
super-resolution model using “virtual” lights that exactly coincide with the real lights of the light

stage, as these are the only light directions for which we have ground-truth images (this will also
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Figure 3.3. The OLAT images taken from a light stage have a uniform hexagonal pattern, which
means that the distances between each light and its nearest neighbors is highly regular (a). In
contrast, at test time we want to synthesize images corresponding to unseen light directions that
do not lie on this hexagonal grid, and whose neighboring distances will therefore be irregular (c).
During training we therefore sample a random subset of nearest neighbors for use in the active
set of our model (b), which forces the network to adapt to challenging and irregular distributions
of neighbor-distances that better match those that will be seen at test time.

be a problem when evaluating our model, as will be discussed in Sec. 3.4). Second, this regular
hexagonal sampling means that, for any given light in the stage, the distances between it and its
neighbors will always exhibit a highly regular pattern (Fig. 3.3a). For example, the 6 nearest
neighbors of every point on a hexagonal tiling are guaranteed to have exactly the same distance
to that point. In contrast, at test time we would like to be able to produce renderings for query
light directions that correspond to arbitrary points on the sphere, and those points will likely have
irregular distributions of neighboring lights (Fig. 3.3c). This represents a significant deviation
between our training data and our test data, and as such we should expect poor generalization at
test time if we were to naively train on highly-regular sets of nearest neighbors.

To address this issue, we adopt a different technique for sampling neighbors for use in our

active set than what is used during test time. For each training iteration, we first identify a larger
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Figure 3.4. Varying the query light direction will cause OLAT images to leave and enter the
active set of our model, which introduces aliasing that, if unaddressed, results in jarring temporal
artifacts in our renderings. To address this, we use an “alias-free pooling” technique to ensure
that the network activations of each OLAT image are averaged in a way that suppresses this
aliasing. We use a weighted average where the weights are smooth, and are exactly zero at the
point where lights enter and leave the active set.

set of m nearest neighbors near the query light (which in this case is identical to one of the real
lights in the stage), and among them randomly select only k& < m neighbors to use in the active set
(in practice, we use m = 16 and k = 8). As shown in Fig. 3.3b, this results in irregular neighbor
sampling patterns during training, which simulates our test-time scenario wherein the query
light is at a variety of locations in between the real input light sources. This approach shares
a similar motivation as that of dropout [108] in neural networks, in which network activations
are randomly set to 0 during training to prevent overfitting. Here we instead randomly remove
input images, which also has the effect of preventing the model from overfitting to the hexagonal
pattern of the light stage while training our network, by forcing it to operate on more varied
inputs. Notice that the query light itself is included in the candidate set, to reflect the fact that
during test-time the “virtual” query light may be next to a real light source. As we will show in
Sec. 3.4, this active set selection approach results in a learned model whose synthesized shadows
move more smoothly and at a more regular rate than is achieved with a naive nearest-neighbor

sampling approach.
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3.3.2 Alias-Free Pooling

A critical component in our model is the design of the skip links from each level of
the encoder of our model to its corresponding level in the decoder. This model component
is responsible for the network activations corresponding to the 8 images in our active set and
reducing them to one set of activations corresponding to a single output, which will then be
decoded into an image. This requires a pooling operator for these 8 images. This pooling
operator must be permutation-invariant, as the images in our active set may correspond to any
OLAT light direction and may be presented in any order. Standard permutation-invariant pooling
operators, such as average-pooling or max-pooling, are not sufficient for our case, because they
do not suppress aliasing. As the query light direction moves across the sphere, images will
enter and leave the active set of our model, which will cause the network activations within our
encoder to change suddenly (see Fig. 3.4). If we use simple average-pooling or max-pooling,
the activations in our decoder will also vary abruptly, resulting in unrealistic flickering artifacts
or temporal instability in our output renderings as the light direction varies. In other words, the
point sampled signal should go through an effective prefiltering process in order to suppess the
artifacts.

The root cause of this problem is that our active set is an aliased observation of the input
images, and average- or max-pooling allows this aliasing to persist. We therefore introduce a
technique for alias-free pooling to address this issue. We use a weighted average as our pooling
operator where the weight of each item in our active set is a continuous function of the query
light direction, and where the weight of each item is guaranteed to be zero at the moment it enters
or leaves the active set. We define our weighting function between the query light direction ¢ and
each OLAT light direction ¢; as follows:

W (£, ;) = max (O,es(f'ﬁi—l) _ min es(ujl)) |
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where s is a learnable parameter that adjusts the decay of the weight with respect to the distance
and each ¢ is a normalized vector in 3D space. During training, parameter s will be automatically
adjusted to balance between selecting the nearest neighbor (s = +o0) and taking an unweighted
average of all neighbors (s = 0).

Our weighting function is an offset spherical Gaussian, similar to the normalized Gaussian
distance between the query light’s Cartesian coordinates and those of the other lights in our
active set, but where we have subtracted out the unnormalized weight corresponding to the most
distant light in the active set (and clipped the resulting weights at 0). This adaptive truncation
is necessary because the lights in the light stage may be spaced irregularly (due to holes in the
stage for cameras or other reasons), which means that a fixed truncation may be too aggressive in
setting weights to zero in regions where lights are sampled less frequently. We instead leverage
the fact that when a light exits the active set, a new light will enter it at exactly the same time
with exactly the same distance to the query light. This allows us to truncate our Gaussian weights
using the maximum distance in the active set, which ensures that lights have a weight of zero as
they leave or enter the active set. This results in renderings that change smoothly as we move the

query light direction.

3.3.3 Network Architecture

The remaining components of our model consist of the conventional building blocks
used in constructing convolutional neural networks, and can be seen in Fig. 3.2. The encoder
of our network consists of 3 x 3 convolutional neural network blocks (with a stride of 2 so as
to reduce resolution by half), each of which is followed by group normalization [127] and a
PReLU [37] activation function. The number of hidden units for each layer begins at 32 and
doubles after each layer, but is clipped at 512. The input to our encoder is a set of 8 RGB
input images corresponding to the nearby OLAT images in our active set, each of which has
been concatenated with the xyz coordinate of its source light (tiled to every pixel) giving us 8

6-channel input images.
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These images are processed along the “batch” dimension of our network, and so are
treated identically at each level of the encoder. These 8 images are then pooled down to a single
“image” (i.e., a single batch) of activations using the alias-free pooling approach of Section 3.3.2,
each of which is concatenated onto the internal activations of the network’s decoder.

The decoder of the network begins with a series of fully-connected (aka “dense’) neural
network blocks that take as input the query light direction ¢, each of which is followed by instance
normalization [117] and a PReLLU activation function. These activations are then upsampled
to 4 x 4 and used as the basis of our decoder. Each layer of the decoder consists of a 3 x 3
transposed convolutional neural network block (with a stride of 2 so as to double resolution)
which is again followed by group normalization and a PReLLU activation function. The input
to each layer’s conv block is a concatenation of the upsampled activations from the previous
decoder level, with the pooled activations from the encoder that have been “skip” connected
from the same spatial scale. The final activation function before any output image is produced
is a sigmoid function, as our images are normalized to [0,1]. Because our network is fully
convolutional [64], it can be evaluated on images of arbitrary resolution, with GPU memory
being the only limiting factor. We train on 512 x 512 resolution images for the sake of speed,

and evaluate and test on 1024 x 1024 resolution images to maximize image quality.

3.3.4 Loss Functions and Training Strategy

We supervise the training of our model using an L loss on pixel intensities. Formally,

our loss function is:

afd:ZHM@(Ii—I(fz‘))Hl, (3.4)

where I is the ground truth image under light i, and I (¢;) is our prediction. When computing the
loss over the image, we use a precomputed binary image M to mask out pixels that are known to
belong to the background of the subject.

During training, we construct each training data instance by randomly selecting a human
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subject in our training dataset and then randomly selecting one OLAT light direction i. The image
corresponding to that light I; will be used as the ground-truth image our model will attempt
to reconstruct, and the “query” light direction for our model will be the light corresponding to
that image ¢;. We then identify a set of 8 neighboring images/lights to include in our active
set using the selection procedure described in Section 3.3.1. Our only data augmentation is a
randomly-positioned 512 x 512 crop of all images in each batch.

Progressive training has been found to be effective for accelerating and stabilizing the
training of GANs for high-resolution image synthesis [46], and though our model is not a GAN
(but is instead a convolutional encoder-decoder architecture with skip connections) we found it
to also benefit from a progressive training strategy. We first inject downsampled image inputs
directly into a coarse layer of our encoder and supervise training by imposing a reconstruction
loss at a coarse layer of our decoder, resulting in a shallower model that is easier to train. As
training proceeds, we add additional convolutional layers to the encoder and decoder, thereby
gradually increasing the resolution of our model until we arrive at the complete network and the
full image resolution. In total, we train our network for 200,000 iterations, using 8 NVIDIA
V100 GPUs, which takes approximately 10 hours.

Our model is implemented in Tensorflow [1] and trained using Adam [53] with a batch
size of 1 (the “batch” dimension of our tensors is used to represent the 8 images in our active set),

a learning rate of 103, and default hyperparameter settings (8 = 0.9, 8, = 0.999,& = 10~7).

3.4 Evaluation

We use the OLAT portrait dataset from [109], which contains 22 subjects with multiple
facial expressions captured using a light stage and a 7-camera system. The light stage consists of
302 LEDs uniformly distributed on a spherical dome, and capturing a subject takes roughly 6
seconds. Each capture process produces an OLAT scan of a specific facial expression on each

camera, which consists of 302 images, and we treat the OLAT scans from different cameras
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as independent OLAT scans. Because the subject is asked to stay still (and an optical flow
algorithm [125] is applied to correct the small movements) the captured 302 images in each
OLAT are aligned and only differ in lighting directions. We manually select 4 OLAT scans
with a mixture of subjects and views for use as our validation set, and choose another 16 OLAT
scans with good coverage of gender and diverse skin tones for use as training data. Our 16
training datasets only covers 5 of 7 cameras, and the remaining 2 are covered by the validation
data. We train our network using all lights from our OLAT data in a canonical global lighting
coordinate frame, which allows us to train a single network for all viewpoints in our training
data. We train one single model for all subjects in our training dataset, which we found to match
the performance of training an individual model for each subject.

Empirically evaluating our model presents a significant challenge: our model is at-
tempting to super-resolve an undersampled scan from a light stage, which means that the only
ground-truth that is available for benchmarking is also undersampled. In other words, the goal of
our model is to accurately synthesize images that correspond to virtual lights in between the real
lights of the stage — but we do not have ground-truth images that correspond to those virtual
lights. In addition, the model also needs to generalize to an unseen view and subject. For these
reasons, qualitative results (figures, videos) are preferred, and we encourage readers to view
our figures and the online video. In the quantitative results presented here, we use held-out real
images lit by real lights on our light stage as a validation set. When evaluating one of these
validation images, we do not use the active-set selection technique of Section 3.3.1, and instead
just sample the k = 8 nearest neighbors (excluding the validation image itself from the input).
Holding out the validation image from the inputs is critical, as otherwise a model could simply
reproduce the input image as an error-free output. This held-out validation approach is not ideal,
as all such evaluations will follow the same regular sampling pattern of our light stage. This
evaluation task is therefore more biased than the real task of predicting images away from the
sampling pattern of the light stage.

Selecting an appropriate metric for measuring image reconstruction accuracy for our
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Table 3.1. Here we benchmark our model against prior work and ablations of our model on our
validation dataset. We report the arithmetic mean of each metric across the validation set. The
top three results of each metric are highlighted in red, orange, yellow, respectively. While “Ours
w/naive neighbors* has the lowest error according to this evaluation, “Our model* performs
better in our real test-time scenario where the synthesized light does not lie in a regular hexagonal
grid (see text and Fig. 3.5 for details).

Algorithm RMSE H' DSSIM E-LPIPS
Our model 0.0160 0.0203 0.0331 0.00466
Ours w/naive neighbors 0.0156 0.0199 0.0322 0.00449
Ours w/avg-pooling 0.0203 0.0241 0.0413 0.00579
Linear blending 0.0191 0.0232 0.0366 0.00503
Fuchs et al. [27] 0.0195 0.0258 0.0382  0.00485
Photometric stereo 0.0284 0.0362 0.0968 0.00895
Xu et al. [130]

w/ 8 optimal lights 0.0410 0.0437 0.1262 0.01666

w/ adaptive input 0.0259 0.0291 0.1156 0.00916
Meka et al. [69] 0.0505 0.0561 0.1308 0.01482

task 1s not straightforward. Conventional image interpolation techniques often result in ghosting
artifacts or duplicated highlights, which are perceptually salient but often not penalized heavily
by traditional image metrics such as per-pixel RMSE. We therefore evaluate image quality using
multiple image metrics: RMSE, the Sobolev H I horm [78], DSSIM [121], and E-LPIPS [51].
RMSE measures pixel-wise error, the H' norm emphasizes image gradient error, while DSSIM
and E-LPIPS approximate an overall perceptual difference between the predicted image and the

ground truth. Still, images and videos are preferred for comparison.

3.4.1 Ablation Study

We first evaluate against ablated versions of our model, with results shown in Tab. 3.1.
In the “Ours w/naive neighbors” ablation we use the k = 8 nearest neighbors in our active set
during training. This setup leads to a match between our training and validation data, which
results in better numerical performance (as shown in Tab. 3.1) but also significant overfitting: this

apparent improvement in performance is misleading, because the validation set of our dataset
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(a) One rendering, for (b) Our model (¢) Our model w/ naive (d) Our model w/ avg
reference neighbors pooling

Figure 3.5. A visualization of how our learned model synthesizes renderings in which shadows
move smoothly as a function of light direction. In (a) we show a rendering from our model for
some virtual light ¢ with a horizontal angle of 6, and highlight one image strip that includes a
horizontal cast shadow. In (b) we repeatedly query our model with 6 values that should induce a
linear horizontal translation of the shadow boundary in the image plane, and by stacking these
image strips we can see this linear trend emerge (highlighted in red). In (c) and (d) we do the
same for ablations of our model that do not have our active-set random selection procedure nor
our alias-free pooling, and we see that the resulting shadow boundary does not vary smoothly or
linearly.

has the same overly-regular sampling as the training set. During our real test-time scenario in
which we synthesize with lights that do not lie on the regular hexagonal grid of our light stage,
we see this ablated model generalizes poorly. In Fig. 3.5 we visualize the output of our model
and ablations of our model as a function of the query light direction. We see that our model is
able to synthesize a cast shadow that is a smooth linear function in the image plane of the angle
of the query light (after accounting for foreshortening, efc). Ablations of our technique do not
reproduce this linearly-varying shadow, due to the aliasing and overfitting problems described
earlier.

In the “Ours w/avg-pooling” ablation we replace the alias-free pooling of our model with
simple average pooling. As shown in Tab 3.1, ablating this component reduces performance.
But more importantly, ablating this component also causes flickering during our real test-time
scenario in which we smoothly vary our light source, and this is not reflected in our quantitative
evaluation. Because average pooling assigns a non-zero weight to images as they enter and exit

our active set, renderings from this model will contain significant temporal instability.
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(a) Ours (full image)

(b) Groundtruth

(c) Ours

(d) Linear blending

(e) Fuchs et al. [27]

(f) Photometric stereo

(g) Xu et al. [130] w/
optimal sample

e
I
-

Figure 3.6. Here we present a qualitative comparison between our method and other light
interpolation algorithms. Traditional methods (linear blending, Fuchs et al. [27], photometric
stereo) retain detail but suffer from ghosting artifacts in shadowed regions. Results from Xu et
al. [130] and Meka et al. [69] exhibit significant oversmoothing and brightness changes. Our
method retains details and synthesizes shadows that resemble the ground truth.

(h) Xu et al. [130] w/
adaptive sample

(i) Meka et al. [69]
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3.4.2 Related Work Comparison

We compare our results against related approaches that are capable of solving the relight-
ing problem. The “Linear blending” baseline in Tab. 3.1 produces competitive results, despite
being a very simple algorithm: we simply blend the input images of our light stage according
to our alias-free weights. Because linear blending directly interpolates aligned pixel values, it
is often able to retain accurate high frequency details in the flat region, and this strategy works
well for minimizing our error metrics. However, linear blending produces significant ghosting
artifacts in shadows and highlights, as shown in Fig. 3.6. Though these errors are easy to detect
visually, they appear to be hard to measure empirically.

We evaluate against the layer-based technique of Fuchs ez al. [27] by decomposing an
OLAT into diffuse, specular, and visibility layers, and interpolating the illumination individually
for each layer. Although the method works well on specular objects as shown in the original
paper, it performs less well on OLATSs of human subjects, as shown in Tab. 3.1. This appears to be
due to the complex specularities on human skin not being tracked accurately by the optical flow
algorithm of Fuchs e al. [27]. Additionally, the interpolation of the visibility layer sometimes
contains artifacts, which results in cast shadows being predicted incorrectly. That being said,
the algorithm results in fewer ghosting artifacts than the linear blending algorithm, as shown in
Fig. 3.6 and as reflected by the E-LPIPS metric.

Using the layer decomposition produced by Fuchs et al. [27], we additionally perform
photometric stereo on the OLAT data by simple linear regression to estimate a per-pixel albedo
image and normal map. Using this normal map and albedo image we can then use Lambertian
reflectance to render a new diffuse image corresponding to the query light direction, which
we add to the specular layer from [27] to produce our final rendering. As shown in Tab. 3.1,
this approach underperforms that of Fuchs er al. [27], likely due to the reflectance of human
faces being non-Lambertian. Additionally, the scattering effect of human hair is poorly modeled

in terms of a per-pixel albedo and normal vector. These limiting assumptions result in overly
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sharpened and incorrect shadow predictions, as shown in Fig. 3.6. In contrast to this photometric
stereo approach and the layer-based approach of Fuchs et al. [27], our model does not attempt to
factorize the human subject into a predefined reflectance model wherein interpolation can be
explicitly performed. Our model is instead trained to identify a latent vector space of network
activations in which naive linear interpolation results in accurate non-linearly interpolated images,
which results in more accurate renderings.

The technique of Xu et al. [130] (retrained on our training data) represents another
possible candidate for addressing our problem. This technique does not natively solve our
problem. In order to find the optimal lighting directions for relighting, it requires as input all
302 high-resolution images in each OLAT scan in the first step, which significantly exceeds the
memory constraints of modern GPUs. To address this, we first jointly train the Sample-Net and
the Relight-Net on our images (downsampled by a factor of 4x due to memory constraints)
to identify 8 optimal directions from the 302 total directions of the light stage. Using those 8
optimal directions, we then retrain the Relight-Net using the full-resolution images from our
training data, as prescribed in Xu et al. [130]. Table 3.1 shows that this approach works poorly
on our task. This may be because this technique is built around 8 fixed input images and is
naturally disadvantaged compared to our approach, which is able to use any of the 302 light
stage images as input. We therefore also evaluate a variant of Xu et al. [130] where we use the
same active-set selection approach used by our model to select the images used to train their
Relight-Net. By using our active-set selection approach (Sec. 3.3.1) this baseline is able to better
reason about local information, which improves performance as shown in Tab. 3.1. However, this
baseline still results in flickering artifacts when rendering with moving lights, because (unlike
our approach) it is sensitive to the aliasing induced when images leave and enter the active set.

We also evaluate Deep Reflectance Fields [69] for our task, which is also outperformed
by our model. This is likely because their model is specifically designed for fast and approximate
video relighting and uses only two images as input, while our model has access to the entire

OLAT scan and is designed to prioritize high-quality rendering.
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Groundtruth
n=100 n=150 n=200 n=250 n=2302 Groundtruth (Full image)

(a) Ours

(b) Linear Blending

Figure 3.7. Here we compare the performance of our model against linear blending as we
reduce n, the number of lights in our light stage. As we decrease the number of available lights
from n = 302 to n = 100, the quality of our model’s rendered shadow degrades slowly. Linear
blending, in contrast, is unable to produce an accurate rendering even with access to all lights.

3.4.3 Light Stage Subsampling

An interesting question in light transport acquisition is how many images (light samples)
are needed to reconstruct the full light transport function. To address this question, we present an
experiment in which we remove some lights from our training set and use only this subsampled
data during training and inference. We reduce the number of lights on the light stage n (while
maintaining a uniform distribution on the sphere) to [250,200, 150, 100], while also changing
the number of candidates m and the active set size k to [14,12,10,8] and [7,6,5,4] respectively.
Image quality on the complete validation dataset (with all 302 lights) as a function of the number
of subsampled training/input lights is shown in Fig. 3.8. As expected, relighting quality decreases
as we remove the lights, but we see that the rendering quality of our method decreases more
slowly than that of linear blending. This can also be observed in Fig. 3.7, where we present relit
renderings using these subsampled light stages. We see that removing lights reduces accuracy
compared to the ground truth, but that our synthesized shadows remain relatively sharp: ghosting
artifacts only appear when n = 100. In comparison, linear blending produces ghosting artifacts

near shadow boundaries for all values of n. During test time, our model can also produce accurate
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Figure 3.8. The image quality of relighting algorithms will gradually reduce as we remove lights
from the light stage. However, our algorithm is able to retain the image quality to a greater extent
with fewer lights compared to naive linear blending.

shadows and sharp highlights.

3.5 Continuous High-Frequency Relighting

A key benefit of our method is the ability to ’super-resolve” an OLAT scan with virtual
lights at a higher resolution than the original light stage data, thereby enabling continuous
high-frequency relighting with an essentially continuous lighting distribution (or equivalently,
with a light stage whose sampling frequency is unbounded). In this section, we present three

applications of this idea.

Precise Directional Light Relighting

Traditional image-based relighting methods produce accurate results near the observed
lights of the stage, but may introduce ghosting effects or inaccurate shadows when no observed
light is nearby. In Fig. 3.9 we try to interpolate the image between two lights on the stage. As
shown in the second and the third row, linear blending or Xu et al. [130] with adaptive sampling
does not produce realistic results and always contains multiple superposed shadows or highlights.

The shadows produced by Meka et al. [69] are sharp, but are not moving smoothly when the
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Figure 3.9. Here we use produce interpolated images corresponding to “virtual” lights between
two real lights of the light stage. Our model (a) produces renderings where sharp shadows and
accurate highlights move realistically. Linear blending (b) and Xu et al. [130] with adaptive
sampling result in ghosting artifacts and duplicated highlights. The results from Meka et al. [69]
contain blurry highlights and shadows with unrealistic motion.

light moves. In contrast, our method is able to produce sharp and realistic images for arbitrary
light directions: highlights and cast shadows move smoothly as we change the light direction,
and our results have comparable sharpness to the (non-interpolated) groundtruth images that are

available.

High Frequency Environment Relighting

OLAT scans captured from a light stage can be linearly blended to reproduce images that
appear to have been captured under a specific environment. The pixel values of the environment
map are usually distributed to the nearest or neighboring lights on the light stage for blending.
This traditional approach may cause ghosting artifacts in shadows and specularities, due to the
finite sampling of light directions on the light stage. Although this ghosting is hardly noticeable
when the lighting is low-frequency, it can be significant when the environment contains high

frequency lighting, such as the sun in the sky. These ghosting artifacts can be ameliorated by
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(a) With super-resolution (b) Without super-resolution

Figure 3.10. Our model (a) is able to produce accurate relighting results under high-frequency
environments by super-resolving the light stage before performing image-based relighting [19].
Using the light stage data as-provided (b) results in ghosting.

using our model. Given an environment map, our algorithm can predict the image corresponding
to the light direction of each pixel in the environment map. By taking a linear combination
of all such images (weighted by their pixel values and solid angles), we are able to produce a
rendering that matches the sampling resolution of the environment map. As shown in Fig. 3.10,
this approach produces images with sharp shadows and minimal ghosting when given a high-
frequency environment, while linear blending does not. In this example, we use an environment
resolution of 256 x 128, which corresponds to a super-resolved light stage with 32,768 lights.
We now analyze the relationship between the image quality gain from our model and
the frequency of the lighting. Specifically, we evaluate for which environments, and at what
frequencies, our algorithm will be required for accurate rendering, and conversely how our model
performs in low-frequency lighting environments where previous solutions are adequate. For
this purpose, we use one OLAT scan, and render it under 380 high quality indoor and outdoor
environment maps (environments downloaded from hdrihaven.com) using both our model and
linear blending. We then measure the image quality gain from our model by computing the

DSSIM value between our rendering and that from linear blending. We measure the frequency
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Figure 3.11. In the top figure, each blue dot represents a lighting environment. We render
a portrait under this environment using both linear-blending and our method, and measure
the image difference using SSIM to evaluate the quality gain of our algorithm. The image
quality improvement produced by our model becomes more apparent when the environment
map has more high-frequency variation. In the bottom figure, we compare the rendered images
using our model and linear blending under environment maps with different frequencies. Our
model produces similar results to linear blending when the lighting variation is low frequency
(left columns). As the lighting variation becomes higher frequency, our model produces better
renderings with fewer artifacts and sharper shadows (right columns).
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of the environmental lighting by decomposing it into spherical harmonics (up to degree 50), and
finding the degree below which 90% of the energy can be recovered.

As shown in Fig. 3.11, the benefit of using our model becomes larger when the frequency
of the environment increases. For low-frequency light (up to degree 15 spherical harmonics),
our model produces almost identical results compared to the traditional linear blending method.
This is a desired property, showing that our method reduces gracefully to linear blending for
low frequency lighting, and thus produces high quality results for any low or high-frequency
environment. As the frequency of the lighting becomes higher, the renderings of our model
contain sharper and more accurate shadows without ghosting artifacts. Note that there is some
variation among the environment maps as expected; even a very high-frequency environment
could coincidentally have its brightest lights aligned with one of the light in the light stage,
leading to low error in linear blending and comparable results to our method. Nevertheless, the
trend is clear in Fig. 3.11 with many high-frequency environments requiring our algorithm for
lighting super-resolution.

According to the plot, we conclude that our model is necessary when the light frequency
is equal or larger than about 20, which means more than 21% = 441 basis functions are needed
to recover the lighting. This number has the same order as the number of lights in the stage
(n = 302). This observation agrees with intuition and frequency analysis. If the environment
cannot be recovered using the limited lighting basis in the light stage, then light super-resolution

is needed to generate new bases in order to accurately render the shadow and highlights.

Lighting Softness Control

Our model’s ability to render images under arbitrary light directions also allows us to
control the softness of the shadow. Given a light direction, we can densely synthesize images
corresponding to the light directions around it, and average those images together to produce a
rendering with realistic soft shadows (the sampling radius of these lights determines the softness

of the resulting shadow). As shown in Fig. 3.12, our model is able to synthesize realistic shadows
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Our full image Increased shadow radius ——

(a) Our Model

(b) Linear Blending

Figure 3.12. Soft shadows can be rendered by synthesizing and averaging images corresponding
to directional light sources within some area on the sphere. Soft shadows rendered by our
method (a) are more realistic and contain fewer ghosting artifacts than those rendered using
linear blending (b).

with controllable softness, which is not possible using traditional linear blending methods.

3.6 Conclusions and Future Work

The light stage is a crucial tool for enabling the image-based relighting of human subjects
in novel environments. But as we have demonstrated, light stage scans are undersampled with
respect to the angle of incident light, which means that synthesizing virtual lights by simply
combining images results in ghosting on shadows and specular highlights. We have presented
a learning-based solution for super-resolving light stage scans, thereby allowing us to create a
“virtual” light stage with a much higher angular lighting resolution, which allows us to render
accurate shadows and highlights in high-frequency environment maps. Our network works by
embedding input images from the light stage into a learned space where network activations

can then be averaged, and decoding those activations according to some query light direction
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to reconstruct an image. In constructing this model, we have identified two critical issues:
an overly regular sampling pattern in light stage training data, and aliasing introduced when
pooling activations of a set of nearest neighbors. These issues are addressed through our use of a
dropout-like supersampling of neighbors in our active set, and our alias-free pooling technique.
By combining ideas from conventional linear interpolation with the expressive power of deep
neural networks, our model is able to produce renderings where shadows and highlights move
smoothly as a function of the light direction.

This work is by no means the final word for the task of light stage super-resolution
or image-based rendering. Approaches similar to ours could be applied to other general light
transport acquisition problems, to other physical scanning setups, or to other kinds of objects
besides human subjects. Though our network can work on inputs with different image resolutions,
GPU memory has been a major bottleneck to apply our approach on images with much higher
resolutions such as 4K resolution. A much more memory efficient approach for light-stage
super-resolution is expected for production level usage in the visual effects industry. Though
we exclusively pursue the one-light-at-a-time light stage scanning approach, alternative patterns
where multiple lights are active simultaneously could be explored, which may enable a more
sparse light stage design. Though the undersampling of the light stage is self-evident in our
visualizations, it may be interesting to develop a formal theory of this undersampling with respect
to materials and camera resolution, so as to understand what degree of undersampling can be
tolerated in the limit. We have made a first step in this direction with the graph in Fig. 3.11.
Finally, it would be interesting to extend our approach to enable the synthesis of novel viewpoints
in addition to lighting directions. We believe that light stage super-resolution represents an
exciting direction for future research, and has the potential to further decrease the time and
resource constraints required for reproducing accurate high-frequency relighting effects.

This chapter is a reformatted version of the material as it appears in “Light stage super-
resolution: continuous high-frequency relighting”, Tiancheng Sun, Zexiang Xu, Xiuming Zhang,

Sean Fanello, Christoph Rhemann, Paul Debevec, Yun-Ta Tsai, Jonathan T. Barron, and Ravi
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Ramamoorthi, ACM Transactions on Graphics (TOG) 39 (6), 2019 [111]. The dissertation author

was the primary investigator and author of this paper.
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Chapter 4

NeLF: Neural Light-transport Field for
Portrait View Synthesis and Relighting

4.1 Introduction

Previous Chapters mainly focus on the problem of portrait relighting. Lighting is indeed
a very important part for observing a portrait. However, human portraits also exhibit different
appearances when viewed from a different camera angle. In this Chapter, we seek solutions to
not only change the lighting but also the viewpoint of a portrait given some captured portrait.

Digitizing human portraits from natural portrait images and re-synthesizing novel images
under new lighting and viewpoints is a long-standing graphics and vision problem with many
applications like computational photography and video conferencing. Recently, NeRF [74] has
initiated significant progress in neural rendering for photo-realistic image synthesis. Various
radiance field extensions [107, 65, 7, 61] have been presented and many of the concurrent
works [28, 63, 82] aim to address problems in human portrait capture.

However, previous NeRF-based portrait capture methods usually require capturing a
large number of images and an expensive per-scene optimization process. Besides, most works
consider only view synthesis tasks and do not support relighting. In general, a relightable portrait
representation cannot simply be a radiance field that bakes in the original lighting condition; it
instead requires explicitly disentangling and modeling lighting and portrait appearance in the

image captures, which is a highly challenging problem.
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Input Views Novel View Rotated Source Light Novel Lighting

Figure 4.1. We introduce neural light-transport field (NeLF), which learns to infer the light-
transport and volume density from a sparse set of input views. NeLF enables joint relighting and
view synthesis of real portraits from only five input images.

In this Chapter, we propose a novel neural rendering approach that can jointly estimate
the geometry and appearance of a human portrait and the lighting environment the human stands
in, from only a sparse set of input images. We present a novel deep neural network that can
generalize across scenes to regress a neural light transport field, i.e. NeLF, from portrait images.
At an arbitrary 3D point, this neural light transport field outputs the volume density and light
transport coefficients (unlike the view-dependent radiance in NeRF), which linearly explains
the portrait appearance under distant illumination conditions represented by environment maps,
similar to the classic light transport functions in image-based relighting [20] and precomputed
radiance transfer [106, 79]. With this novel representation, our approach enables high-quality
portrait relighting and view synthesis done simultaneously, as shown in Fig. 4.1.

Our approach incorporates classic light transport functions into neural volumetric ren-
dering. In particular, we first use a UNet-like CNN as a feature extractor to convert each input
portrait image to a neural feature map that encodes per-view pixel-wise portrait geometry and
appearance. For an arbitrary 3D point, we fetch multi-view neural features from its projections
in the feature maps and use MLPs to regress volume density and radiance from the features to
enable differentiable ray marching. As opposed to earlier works [132, 120] that directly output
radiance per shading point on marching rays, we propose to first regress a light transport vector —
that can linearly compute the radiance under any novel lighting conditions — to enable relighting

for neural volumetric rendering. In addition, we apply a sub-network to estimate the lighting as
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environment maps from the bottleneck features of the CNN feature extractor, contributing to the
disentanglement of portrait appearance and light effects in the original images. Our approach
jointly estimates portrait geometry (as volume density), appearance (as light transport vectors)
and lighting conditions (as environment maps) from portrait images, and can regress final ray
colors under arbitrary novel viewpoints and lighting via differentiable ray marching.

Acquiring a real portrait dataset under different lighting conditions is a notoriously
challenging task and traditionally requires a sophisticated light stage [20] that is not easily
accessible for most researchers. In order to train our network with practical data, we instead
utilize rendered images of human head models with different views and environment maps. We
render our training and validation sets using the reconstructed 3D models of real human heads
from a public dataset, FaceScape [131], leading to realistic renderings close to real portraits. In
addition, we propose an effective domain adaptation module to enhance the generalizability of
our network to real captured images. In particular, we apply additional CNN layers, appending
to our CNN feature extractor, to regress the original input image sent to the feature extractor. We
train this regression module using a large number of real portrait images in CelebAMask-HQ [58],
which effectively regularizes our feature extractor along with our full network to understand
diverse real portrait appearance. This regularization module effectively improves our rendering
quality on real portrait images (compared with the rightmost image in Fig. 4.5).

We train our entire network from end to end with a final loss that combines the lighting
estimation loss, domain regularization loss, and governing rendering losses with multiple combi-
nations of various lighting and viewing conditions. This leads to our final generalizable network
that can synthesize realistic portrait images under novel viewpoints and lighting conditions from
only five input images. We demonstrate that, when evaluating on the rendered validation set, our
approach can produce smooth and realistic relighting and view synthesis results that are very
close to the ground truth; ours can qualitatively and quantitatively outperform baseline solutions
that run state-of-the-art view synthesis [120] and relighting [109] techniques in a sequence (see

Fig. 4.4). We also demonstrate that our approach can achieve photo-realistic renderings from
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captured real portrait images, significantly better than the comparison methods (see Fig. 4.7).

We summarize our contributions as follows:

* a novel neural representation that models scene appearance as light transport functions

and enables relighting for neural volumetric rendering (Sec. 4.3.1, Sec. 4.3.2);

* a domain adaptation module to enhance the generalizability of the network trained on

rendered images (Sec. 4.3.4);

* realistic practical rendering results of joint relighting and view synthesis of real portraits

from only five captured images (Sec. 4.4.4, Fig. 4.1, Fig. 4.7).

4.2 Related Work
4.2.1 Portrait Appearance

There has been extensive research work in capturing and modeling human portraits
[10, 20, 50, 113, 102, 137]. Various morphable face models have been presented [113, 31, 124],
mainly aiming to achieve facial animation and reenactment. Our focus is to capture human
portraits and synthesize photo-realistic images. While generative models [33, 46, 47] can produce
realistic images, they cannot be easily applied for capture and reconstruction, which aims to
generate images of specific captured real human heads with given viewpoints and lighting
conditions. While previous work can do so by reconstructing meshes with simple reflectance
models from portrait images [4, 102], their rendering quality is often limited. We instead leverage
the recent neural rendering techniques [112], leading to photo-realistic portrait renderings for

joint view synthesis and relighting.

4.2.2 Relighting

Many image-based relighting papers have been presented [20, 67, 84, 91]; they leverage
the linearity of light transport and introduce various techniques to acquire the light transport

function, whose discrete form is a light transport matrix that consists of per-pixel light transport
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vectors at a fixed viewpoint. Inspired by these prior works, we also model linear light transport
functions; instead of predicting per-pixel coefficients, we predict light transport at a point in the
3D space, enabling both view synthesis and relighting.

Recently, deep learning techniques have been introduced to address the relighting problem
[130]. Many deep learning works are specifically designed to relight human portraits [109, 135,
69, 76]; however most works focus on relighting at a fixed viewpoint and cannot change the
viewpoint. While other works can jointly do relighting and view synthesis [9, 70, 29, 134], they
require complex capture setups to acquire a large number images under controlled lighting. In
contrast, our approach enables realistic relighting and view synthesis for human portraits using

only a sparse set of input images under natural illumination.

4.2.3 View Synthesis

View synthesis has been studied by the computer graphics and vision community for
decades. Early work [16, 68] utilizes view interpolation to render novel views from neigh-
boring source views. Other classical methods, including light fields [59, 34] and image-based
rendering [21, 12, 105], have also been proposed to address view synthesis. Recently, deep
learning methods [136, 73, 129, 26] have become dominant in this field of work. Learning-based
methods have proven to be more expressive and they are able to represent various complex
scenes with challenging visual effects. One recent work [128] combines morphable face models
and generative techniques to reconstruct 3D portraits for rendering with changing viewpoints.
However, it is non-trivial to extend these view synthesis techniques to support relighting at the
same time. We propose a novel neural rendering approach that can simultaneously do relighting

and view synthesis.

4.2.4 Neural Rendering

In addition to the aforementioned view synthesis methods, an exciting advancement

is neural radiance field (NeRF) [74], which encodes a 3D scene in a compact 5D continuous
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radiance field function represented by a multi-layer perceptron (MLP) and renders the radiance
field using differentiable volume rendering. Concurrent works have extended NeRF to render
human portraits [82, 122, 63]; however most of them rely on overfitting the network to a single
target as is done in the original NeRF, which does not generalize to other unseen portraits. Other
recent works [132, 120] leverage CNNs to perform per-view radiance field reasoning, leading to
a generalizable neural model for view synthesis. Our approach is inspired by these CNN-based
radiance field estimation techniques; we introduce novel light transport estimation modules in
the per-view scene reasoning, enabling relighting in the neural volumetric rendering process.
Previous neural rendering methods have also achieved relighting. Some methods leverage
controlled lighting to achieve reflectance estimation with per-scene optimization [8, 7]. Our
approach instead supports relighting under natural illumination, jointly estimating lighting and
lighting transport functions. Other concurrent works [107, 65] can also change the lighting
conditions but still rely on per-scene optimization with a large number of images. Our approach
achieves a generalizable neural network that learns specific human portrait shape and appearance
priors from large training datesets. Additionally, our approach enables efficient portrait relighting

and view synthesis from only a sparse set of input images.

4.3 Method

In this Chapter, we present Neural Light-transport Field (NeLF) to solve the problem
of simultaneous portrait view synthesis and relighting. Our system takes as input a small set
of 5 images of an unseen human face, which are captured roughly from the frontal view of the
portrait. We assume the captured portraits are lit by the same distant light, which can be modeled
by an environment map.

Given the captured images as well as the corresponding camera parameters, we produce
a volumetric field of light-transport (Sec. 4.3.1). Each point in the 3D scene has a volume

density o, and a light-transport 7. The light-transport is a vector whose dot-product with the
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Figure 4.2. Overview of our method. The proposed algorithm takes multi-view portraits as input
and predicts the source environment map, light-transport and volume density at a query point.
We then use the predicted light-transport and volume density to perform the joint task of view
synthesis and relighting.

global environment map produces the outgoing radiance at the 3D point. The predicted neural
light-transport field (NeLF) enables us to perform view synthesis and relighting on the captured
portraits. Given a new camera view and a new lighting environment, we can use the predicted
light-transport to compute the outgoing radiance of each 3D point, and use a volume rendering
algorithm [74] to render novel views of the captured human face under the new lighting.

We show an overview of our method in Fig. 4.2 and a detailed illustration in Fig. 4.3. In
Sec. 4.3.1, we briefly review the mathematical definition of the light-transport. Section 4.3.2
describes how we predict the volume density and the light-transport at each 3D point, and
Sec. 4.3.3 explains our detailed volume rendering algorithm. We show our novel domain

adaptation module in Sec. 4.3.4. Finally, the implementation details are included in Sec. 4.3.5.

4.3.1 Light Transport

Light transport of a 3D point describes the relationship between its radiance and the

global lighting environment. The outgoing radiance L, of each 3D point x can be computed
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according to the rendering equation [42]:

L(x,0,) = | p(xX,0;,0,)(n w;)L;(X,®;)dw;, 4.1)

;

where p is the BSDF function, n is the normal direction at the 3D point, and w;, ®, are the
incoming and outgoing ray directions, respectively. Traditional path tracing computes the
radiance L; recursively until the ray hits the global environment L. However, after unravelling

the recursion, the radiance has a linear relationship with the environment map:
Li(x, @) o< L(@;). (4.2)

Here, the incoming radiance L; of the point x at each incoming direction ®; is proportional to
the corresponding global environment light L(®;) at each direction @;. Notice that this linear
relation has modeled all the paths that come from the environment to this point, modeling effects
caused by shadowing, inter-reflection, material properties of the ray bounces in between, etc. If

we bring Eqn. 4.2 back to Eqn. 4.1, we can simplify Eqn. 4.1 as a linear integration:
Lr(X, 600) :/ T(X, a)o,a),-)L(a)i)da),-. 4.3)
w.

Here, the light transport T has already encoded all the complexity from the environmental light
L to the outgoing radiance L, at X.

As shown in Eqn. 4.3, given the light transport 7', we can compute the outgoing radiance
at each 3D point x under a novel environment map L using an integration, and then efficiently
render the scene under arbitrary lighting environments. This type of method is called Precom-
puted Radiance Transfer (PRT) [106], which has been well studied in traditional computer
graphics [114, 79]. In our method, we express the global lighting simply as a 8 x 16 environment
map L. We predict a light-transport vector T at each 3D point x given an input viewing direction.

T also shares the same size as the environment map L. As a result, we can simplify Eqn. 4.3 to a
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Figure 4.3. Detailed network structures of our proposed algorithm. (a) For an input image I,
we first extract its lighting feature L, weights W% and image feature Fy (Sec. 4.3.2). (b) Then,
as described in Sec. 4.3.2, we aggregate features from different views to extract the geometry
feature, Gy, and weights W,? From here, our network diverges into two paths: the first part (c)
predicts the per-view light transports T, using a per-view MLP .#’ and then (d) aggregates them
with a blending MLP .Z® to generate the full light transport T} the second part (e) predicts the
volume density o using an MLP from the multi-view statistics of G; and Wf

dot product on each color channel:

L —T-L. (4.4)

This is similar to the light transport matrix in image-based relighting [20], which models per-pixel
light transport. In our work, we compute the radiance at each 3D point following Eqn. 4.4, and
later render the radiances into pixel values following the neural volumetric rendering equation in

Eqn. 4.10.

4.3.2 Neural Light-transport Field

Given N different views of a human face, we use a neural network to predict a volumetric
light-transport field. The key concept of our algorithm is to predict the light-transport vector T
of each 3D point by aggregating the information from the input portraits. To this end, we utilize
the ideas of the recent image-based rendering techniques [120] to predict the light-transport. Our
system consists of two parts (see Fig. 4.3): a convolutional neural network (CNN) and several
multi-layer perceptrons (MLP). The CNN operates on the captured portraits to extract the image

features and predict the source lighting condition. On the other hand, the MLPs predict the
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light transport T as well as the volume density o for each 3D point in the scene, using multiple
features. Then for any given target environment map L', we can simple calculate the color with

Equ. 4.4 and use it for volumetric rendering (Sec. 4.3.3).
Image Feature Extraction and Source Light Prediction

We apply an U-Net style convolutional neural network [93] to N captured images. For
an input portrait I; at viewpoint k, the CNN extracts the image feature Fy, as well as the source
lighting feature L; and confidence weights W% (see Fig. 4.3(a)). The size of image feature Fy is
half of the original input image I, and it is later used for light transport prediction.

Each lighting feature consists of two parts: a predicted source environment map Ly, and
a per-direction confidence map W,I; [109]. We predict the confidence map W% for all cameras,
as each camera covers only parts of the portrait, providing partial lighting information. For
example, it is less accurate to predict the light coming from the left by looking at the right side
of the face. To resolve this issue, we can merge the lighting predictions L, Ly, ..., Ly with their
corresponding confidence maps W{J, W%, v W}(, as weights.

Nonetheless, another issue is that the network is unaware of the camera pose when
predicting the lighting environment. As a result, the network is only able to predict the lighting
relative to each camera, and each predicted environment-map is defined in its corresponding
camera coordinate system. In order to align multiple light predictions from different coordinate
systems and merge them into a global environment map, we define a rotation operator & that
rotates them to a canonical world coordinate, provided camera extrinsics. Finally, we compute

the global lighting environment with a weighted average:

_ Yi Z (L © W)

, 45
Y 72 (WE) >

where © means element-wise multiplication.
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Volume Density and Light-transport Prediction

We use multiple MLPs to predict the volume density ¢ (x) and the light transport T(x)
at each point x observed from the target camera . We first project the point x to all source
cameras to acquire the corresponding image features Fy (7, (x)), where m; denotes the projection
to camera k. We also compute source viewing direction @y and target viewing direction ;. The
image features, together with @y and @y, are fed into MLPs, .# G to extract the multiview-aware

geometry feature Gy and a corresponding weight W,? for each source view (see Fig. 4.3):

G WY = 79 (@ @) {Fu(mx)}) (4.6)

Shown in Fig. 4.3(b), the per-view geometry feature is extracted using a PointNet style MLP
structure [87], using the per-element mean and variance of the feature as additional inputs (see
Fig. 4.3). This shares the idea of traditional image-based rendering [68]: the projected image
features from multiple cameras should be consistent around the actual object surface. In our
setup, .# ¢ compares the input feature vector with its per-element mean and variance, and learns
to assign more weight W,? to the best matched view. This geometry feature is used to predict the
volume density o (x) of the query point using another MLP as shown in Fig. 4.3 (e).

It is highly challenging to predict the light transport vector for the novel viewing direction.
Therefore, we instead predict per-view light transports using an MLP .%* (Fig. 4.3(c)) and then
blend them for the novel view (Fig. 4.3(d)). While we can apply .#’ to directly regress the
light transport vector, this can easily lead to the network memorizing the portrait appearance in
the synthetic training set. We propose to let .#* regress scales relative to the pixel colors; the
predicted scales have the same dimensions as the light transport, and compute the light transport
vector by multiplying by the pixel colors. This design effectively retains the high-frequency
information in the original input images and enables better generalizability of our network to

unseen real portraits (see Fig. 4.5). In particular, the light-transport vector of the source view k at
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point x is computed by:
Ty (x) = L(m(x)) - 7 (0, G, Fi(m(x))) (4.7)

Note that, to ensure view-consistent light transport estimations, we leverage the multiview-aware
feature Gy in this per-view light transport prediction.

We repeat this operation to acquire T (x), T»(x), ..., Ty(x). These light-transport func-
tions encode the information at the same 3D point, but are observed from different angles. We
then calculate final target light-transport T(x) as a linear combination of T} (x), T2(x), ..., Tx(X).

We use another MLP .% 8 to predict the blending weights
Wi =7 (ax, 1, Gy), 4.8)
and linearly combine the light-transports of the source views to get the final light-transport
T(x) =) W7 0 Ti(x). (4.9)
k

4.3.3 Efficient Volume Rendering

For a given target environment map L/, we follow Equ. 4.4 to compute the radiance
L,(x). The pixel value I, of the novel viewpoint can be computed using the volumetric rendering
equation from the original NeRF formulation [74]. Suppose the point at depth u is x(u) =

X, + u - ®., where X is the camera location and @, is the ray direction, we have:

I — / f exp <— /0 "c(x(v))dv) & (x(u)) L (x(1) )d. (4.10)

To be more specific, we integrate along the light ray with u,,us as the near and far bounds,

respectively. We additionally predict the depth and the alpha channel, which are then used for
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supervision (Sec. 4.3.5):

D, — / f exp (— /O ”o(x(v))dv> o (x(u))u - du,

A= / ’ exp (— /O "o(x(v))dv> o (x(u))du. i

The original NeRF paper computes the radiance at each sample point. However, most
of the sample points are O when the scene is spatially sparse. This creates a lot of redundancy
when rendering a new image. In our setup, since portraits are usually sparse, we exploit the
concept of visual hull to prune out the queries that are unnecessary. From the input portraits, we
utilize a portrait matting algorithm [48] to extract their mask M, My, ...,My. Then for each 3D
point x viewed by the target camera, we project its position onto all the masks, and query the
MLPs if all the projections onto My (7 (X)) are nonzero. Otherwise, we directly set the light
transport T(x) and the density o(x) to be 0. This is essentially restricting the network to learn
within the visual hull defined by the silhouette of the portraits. By doing this, we achieve faster

convergence during training and more efficient rendering during inference.

4.3.4 Domain Adaptation

We train our network on synthetically rendered human face data (see Sec. 4.4.1). This
data does not model the distribution of the real human faces very well. Thus, naively training our
network using the rendered faces results in poor generalizability on real portraits. It is optimal to
include real multi-view portraits in our training data. However, there is no publicly available
large-scale human face dataset and it is also challenging to capture real portraits under different
viewpoints and lighting without a light stage.

To this end, we propose a novel domain adaptation module that effectively enhances the
generalizability of our network by augmenting the CNN feature extractor with a large number
of real portrait images in the CelebAMask-HQ dataset [58]. These real images do not have

groundtruth labels of their lighting and camera parameters; however we show that they can be
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effectively used to regularize our feature extractor to adapt to the distribution of real portrait
images. In particular, for each training iteration, we additionally feed in a real portrait into the
feature extractor and get an image feature. Rather than using the image feature to predict the light
transport and perform volumetric rendering, we append 2 more convolution layers to the U-Net
to directly recreate the original image, enhancing the expressiveness of the feature extractor.
With this joint training strategy, we can equip the feature extractor with stronger capabilities to
reason about real portrait images and avoid overfitting to the biased distribution of the synthetic

portrait dataset.

4.3.5 Implementation Detail

In general, there are two kinds of relighting tasks we need to solve: changing to a
completely novel environment light, or rotating the original light. In order to solve both tasks in
NeLF, we implement two modes during training: novel light mode and self rotation mode. In
the novel light mode, we provide a new lighting as the target light to the MLP to compute the
radiance. In the self rotation mode, we predict the lighting of the input portrait from the CNN,
rotate the predicted light for a certain angle, and use that as the target light. We allocate 70% of
the training for novel light, and the rest for self rotation.

Our network is supervised with multiple losses. We implement a rendering loss .Z;, a
depth loss %, an alpha mask loss .Z;, a lighting loss .%; and an image consistency loss .Z),. To
begin with, the rendering loss .7, is simply an .Z] loss on the predicted RGB I; such that it is as

close as possible to the ground truth value L,

Ze= ||It _Igt

1. (4.12)

We additionally supervise the predicted depth and the alpha channel using the ground truth

values. This is to make sure the predicted shape is meaningful and obeys multi-view constraints.

76



These losses are formulated as:
1
Za:HAt_AgtHlygd:EHDI_DgtHly (4.13)

where d = 200mm is the average size of a human head. For lighting, we use log-.#] loss on the

predicted environment map L and the ground truth environment map Lg;:
% =||log(1 +L) —log(1+Lg)||x (4.14)

As mentioned in Sec. 4.3.4, we train our network jointly with a self consistency constraint on the
image encoder to ensure that the CNN can learn meaningful representations of real human faces.
For each iteration, we randomly pick a in-the-wild portrait I. from the CelebAMask-HQ dataset.
We feed the image only into the feature extractor to get a reconstruction of the same image I...

We supervise the reconstruction using an image consistency loss .Z),:
Ly = I —I|]1. (4.15)

Notice that we only apply the image consistency loss on the random in-the-wild portrait I.. We
don’t enforce the image encoder to reproduce the calibrated multi-view images. Together, the

final loss %4 1S a sum of all above-mentioned losses:
Liotal = Lo+ Ly + Lo+ L+ ). (4.16)

The detailed network structures of our CNN and MLP are shown in Fig. 4.3. We
implement our method in PyTorch [83]. We use Adam [52] as our optimizer and the learning

rates are set to 10~ for the MLPs and 2 x 10~ for the image encoder. Our network is trained

on 4 NVIDIA 2080Ti GPUs for 300k steps, which takes around 36 hours.
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Table 4.1. Quantitative comparison on synthetic evaluation dataset. Our method performs better
in both PSNR and SSIM over baseline methods, providing better visual quality. For comparison
against direct prediction of light transport, while the visual artifacts are disturbing in Fig. 4, they

reflect only a small part of the image, and therefore do not have as much of an impact on the
PSNR and SSIM scores.

Method PSNR SSIM
SIPR + IBRNet 33.55 0.8826
IBRNet + SIPR 33.18 0.8611

Ours w/o encoder augmentation|33.54 0.8916
Ours w/ direct light transport  [33.70 0.8928
Ours 33.61 0.8922

4.4 Results
4.4.1 Data

In order to train our novel representation, we choose the FaceScape dataset [131] as
it provides a good collection of realistic human head models with high-resolution texture and
displacement maps. Due to privacy issues, some of the models have blurred textures around the
eyes. Thus, we select 360 unblurred models from the whole dataset and use Blender [11] with
the Cycles renderer to generate the training and testing data images in 512x512 resolution. To
be more specific, we generate data triplets that contain (a) 5 source views with the first one being
the frontal view, (b) a novel view with the same lighting but randomly rotated, and (c) a novel
view with lighting randomly selected from a pool of environment maps. (a) is used as input to
our network, (b) is the self rotation mode supervision, and (c) is the novel light mode supervision.
Both (b) and (c) also provide novel view supervision. The novel views are uniformly sampled
within 30° in azimuthal and 30° in elevational angle from the frontal face view. The distance of
the cameras is chosen randomly from 100cm to 200cm to simulate real life captures. We also
adjust the field-of-view accordingly so that the face would take up most space. This training

triplet design allows for learning of both geometric and lighting information.
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Inputs Groundtruth Ours SIPR+IBRNet IBRNet+SIPR

Figure 4.4. We compare our results of simultaneous view synthesis and relighting with possible
baseline methods on unseen samples from our synthetic evaluation dataset. Baseline methods fail
to provide accurate geometry and contain random hole artifacts. For instance, SIPR + IBRNet
shows some hole artifacts near the nose area and IBRNet + SIPR shows blurry results around the
cheek in the top right image. Please refer to the supplementary video for more results.

4.4.2 Comparison with previous methods

To the authors’ best knowledge, our algorithm is the first to achieve simultaneous view
synthesis and relighting on unseen subjects from a sparse set of multi-view images under natural
illumination. SIPR [109] can perform relighting on unseen portraits given a single image, while
IBRNet [120] achieves view synthesis on novel scenes. We combine these previous two state-
of-the-art algorithms and use the combinations as the baseline of our algorithm. There are two
possible ways to combine: first do the relighting on the input views, and then synthesize the new
view (SIPR+IBRNet); or first do view synthesis and then change the lighting of the synthesized
image (IBRNet+SIPR). Notice that we have to correctly rotate the target light to each view in
order to align the target light with the camera.

We retrain the network of IBRNet and SIPR on our synthetic dataset for fair comparisons.
We choose 4 subjects out of the total 360 identities to serve as our evaluation dataset. Table 4.1
shows the quantitative comparison of these two baselines, as well as our method. Our method

outperforms both of the baselines with both higher PSNR and SSIM. In addition, we observe
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Table 4.2. Quantitative comparison on the task of relighting and view-synthesis individually on
synthetic dataset. Our method performs comparably, but slightly worse than the state-of-the-art
on each task.

| Ours  SIPR IBRNet
Relighting 0.90530.9279 —-
View-synthesis|0.8683 —- 0.8949

that the baseline methods often lead to obvious visual artifacts in their renderings as shown in
Fig. 4.4 (please see our supplementary video for more examples). Our approach instead can
achieve much higher visual quality, consistently producing realistic renderings across different
lighting and viewpoints.

These two baselines fail for different reasons. If relighting the input images first, the
relighting algorithm might perform slightly differently on each input view, which will break the
multi-view consistency for view synthesis. On the other hand, doing the relighting after the view
synthesis also does not work well, since the relighting algorithm now has no access to the multi-
view information. In contrast, our approach learns to effectively aggregate multi-view appearance
features to predict the light transport of each shading point, leading to accurate relighting effects
that are consistent across multi-view viewpoints. Our approach can simultaneously achieve
high-quality relighting and view synthesis.

We have also evaluated our method on relighting and view-synthesis respectively using
our synthetic dataset. We perform relighting by rendering the view at the frontal camera under
new lighting, and do view synthesis by first estimating the original light, and then relighting
under the predicted lighting from new views. As shown by the SSIM values in Tab. 4.2, our
method performs comparably, but slightly worse than the baselines on each task. This is because
our main goal is not to improve individual performance, but to enable the combination of these
two tasks. Thus, our view-synthesis performance also includes the error from lighting estimation
and relighting. Even though SIPR and IBRNet perform slightly better in their individual tasks,
their combination does not work as well as ours as shown in Fig. 4.4. Our method aggregates

multi-view features to predict the light-transport on each shading point, leading to multi-view
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Ours w/ direct Ours w/o
Inputs Ours light transport domain adaptation

Figure 4.5. We compare our method with two possible ablations on a real captured image. We
show that by modulating the light transport prediction and applying our domain adaption method,
our method can generalize well to real portraits with minimum color shift or artifacts.

consistent relighting effects.

4.4.3 Ablations

We ablate our algorithm by directly predicting the light transport rather than modulating
the prediction using the pixel value in Eqn. 4.7. The quantitative results of synthetic validation
set and qualitative results of real portraits are shown in Tab. 4.1 and Fig. 4.5 respectively. Note
that, although the network with direct light transport achieves slightly higher performance on the
validation dataset, our full model performs much better on the real portraits as shown in Fig. 4.5.
In particular, directly predicting the light-transport can lead to artifacts, for instance the black
hole around the nose area in the portrait. In addition, the method introduces more color shift
compared to our full algorithm. Our full model learns to predicts scales of the original pixel
colors; this retains the original color signals and can generalize better to unseen real portraits.

In addition, we show the effect of our domain adaptation module in Fig. 4.5. We show
that with the additional adaptation module, our network is able to generalize to unseen color
distributions much better than without this module. As can be seen from the figure, without the
adaptation, the network fails to recreate the vibrancy of the input images. Moreover, the left part
of the portrait exhibits more orange color than our proposed method. Our domain adaptation
module essentially regularizes the network to be able to better reproduce the appearance in the

original input images. This is not only helpful when testing on real portrait images, but can also
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Table 4.3. Quantitative comparison on different input view counts. We show that 5 views provide
the best possible results in both PSNR and SSIM metrics. Visual quality starts to degrade as
view count reduces.

View Num|PSNR SSIM
2 Views [30.91 0.6388
3 Views [32.77 0.8177
4 Views |33.40 0.8731
5 Views [33.61 0.8922

Inputs Groundtruth 5 Views 4 Views 3 Views

2 Views

=

Figure 4.6. Qualitative evaluation on the effects of different input view counts. We show that
there is a small difference between 4 and 5 views, while 2 and 3 views result in more artifacts
due to occlusions and the lack of stereo coverage.

improve our performance on the synthetic validation set as shown in Tab. 4.1.

We also study the effects of input view numbers on the rendering quality. Our network
is originally trained with 5 images as the input views. We test our network on unseen subjects
from the validation dataset by feeding 2, 3, and 4 views into the network for view synthesis and
relighting. Table 4.3 shows the quantitative evaluation and Figure 4.6 shows the results. Our
network fails to render meaningful content when only 2 images are given. However, as we have
3 or more images as the input views, our network can render new views under new lighting with

high quality.
4.4.4 Real Portraits

In order to show the performance of our method on real data, we capture real portraits
with smartphones by shooting a video clip of the subject. We employ COLMAP [97, 96] to
recover camera poses and rough depth statistics to determine near and far planes. We also

normalize the camera poses such that the origin is approximately the head center. This is done
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Figure 4.7. Qualitative results on real portraits. Our method produces better visual quality than
the baseline methods of SIPR and IBRNet. For example, in the forehead and neck regions,
baseline methods produce hole artifacts, whereas our proposed method is able to synthesize
realistic novel images under new lighting conditions.

by first extracting the center of facial landmarks with Bulat et al. [13], and estimating the face
direction to calculate the head center. We apply MODNet [49] to clean up the background
and use BiSeNet [133] to further remove garments and keep the face portion. As our training
data does not contain any clothes, this can ensure that the rendered results are not perturbed by
unrelated information.

The results are shown in Fig. 4.1 and 4.7. We can observe that our method achieves
state-of-the-art quality on the joint task of view synthesis and relighting. Our proposed method is
able to infer source environment map and render novel view portraits with the rotated source light.
Additionally, we can input a target environment map to control the new lighting condition. For the
task of rendering real portraits, the comparison baselines (both SIPR+IBRNet and IBRNet+SIPR)
lead to obvious artifacts with many visible holes, more obvious than their artifacts on the synthetic

validation set; this is because the baseline methods’ networks overfit to the training set’s data
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distribution and the same issue of inconsistency between separate relighting and view synthesis
modules (as discussed in Sec. 4.4.2) becomes more significant on the real data. Thanks to our
effective modeling of the light transport in the 3D space and our domain adaptation module, our
model can synthesize realistic relighting and view synthesis results on the real portrait images,

leading to significantly better results than the baseline methods.

4.4.5 Limitations

Although our proposed method generates photo-realistic rendering results, it still pos-
sesses some limitations. For example, since we train on a synthetic dataset, our model might
exhibit some color shifts in certain cases when tested on real portraits. This can be ameliorated by
training on a real multi-view portrait dataset. Another issue is the slight blurriness in our rendered
results. This is possibly caused by the limited network capacity, which can be further increased
to allow extraction of image features with higher resolution. In addition, we downsample the
feature map to allow for faster training and inference. With more computational resources, it
is possible to use full-scale image features. Last, because our training dataset have a global
specularity coefficient instead of dedicated specularity maps, some complex view-dependent
effects such as glints are not well reconstructed in the training images. As a result, our method

fails in some cases where high-frequency specular highlights are presented.

4.5 Conclusions and Future Work

In this chapter, we tackle the joint problem of portrait view synthesis and relighting,
which prior works fails to handle. We solve this problem by introducing the neural light-transport
field, which encodes the volume density and light transport vectors of each 3D point in the scene,
enabling relighting with a target environment map. We demonstrate that with only 5 input views,
our method is able to generalize across unseen portraits and produce better portrait renderings
than previous approaches built specifically for either view synthesis or relighting.

In future work, we would like to explore the possibility of even fewer input images.
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We show that our method degrades for a smaller number of views. This is caused by the
depth ambiguities and unseen areas, which requires prior knowledge to hallucinate reasonable
renderings. Another possible direction is animated relightable avatars as our proposed method
does not handle a talking head explicitly. All in all, we believe that the joint problem of view
synthesis and relighting is crucial in immersive applications like mixed reality, and our work can
advance the field in that direction.

This chapter is a reformatted version of the material as it appears in “NeLF: Neural
Light-transport Field for Portrait View Synthesis and Relighting”, Tiancheng Sun, Kai-En Lin,
Sai Bi, Zexiang Xu, and Ravi Ramamoorthi, Eurographics Symposium on Rendering, 2021 [110].

The dissertation author was the co-primary investigator and author of this paper.
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Chapter 5

Conclusion

In this dissertation, we develop efficient and practical portrait relighting algorithms that
enable relighting on casually captured images. In Chapter 2, we propose single image portrait
relighting. We use a light stage to collect a small dataset of relightable portraits, and train a
neural network end-to-end with the generated portrait pairs under different natural lightings. Our
network enables changing the lighting condition of a single portrait taken from the cellphone
within real-time response. We achieve convincing relighting results for two reasons: we train our
network with real captured portraits and we train the network end-to-end without any assumption
on appearance models.

Single image portrait relighting can change the lighting into natural illuminations, but
fails on high-frequency lightings such as point lights. To solve this problem, in Chapter 3, we
investigate how to super-sample the number of lights on the light stage, in order to achieve
continuous high-frequency relighting. Since naively training a network will cause flickering
and ghosting shadows, we introduce dropout-like active set selection and develop alias-free
pooling techniques. Using our light stage super-resolution technique, we can relight the portrait
accurately under high-frequency lighting conditions. We additionally study when this approach
is necessary given the frequency of the lighting. Although this approach still requires the portrait
to be captured under the light stage, it enables higher quality relighting of human portraits as the

groundtruth, which benefits the downstream applications that rely on the light stage.
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In Chapter 4, we push forward our relighting techniques toward view synthesis, and
propose neural light-transport field (NeLF) for simultaneous view synthesis and relighting. Given
5 portraits casually captured from the frontal view under natural illumination, we develop a
network that encodes the portrait into a volumetric field of light-transport vectors, which later
enables re-rendering from arbitrary view under any natural lighting. Our network is trained on a
synthetic portrait dataset, but can generalize well on portraits of real people.

We have proposed several methods that push forward the efficiency and the practicality
of human portrait relighting. Now I would like to discuss some of the promising future directions

generally on portrait appearances.

Appearance representation

There still does not exist a consensus on a representation for portrait appearances that
is accurate, flexible, and also physically meaningful. Recent advances on model-based face
inverse rendering have enabled us to recover a full face model from a single image. However,
these models only contain the face part. More accurate models of eyes, teeths, human hairs
are needed to fully reconstruct the human faces. More recently, NeRF [74] has drawn a lot of
attention in academia. It produces very accurate results, while also being physically interpretable
and compact. We believe NeRF can be a very good representation for portrait appearances,
as it contains the advantages of both model-based and abstraction-based methods. It follows
the traditional volumetric rendering pipeline, while abstracting the scene representation using
a very simple neural network. However, how to efficiently model a portrait using volumetric
representations still remains an unsolved problem. The method NeLLF we proposed in Chapter 4
is the first step in this direction, but how to resolve the ambiguity and how to render the volume

efficiently still remain open problems.

Efficient acquisition
The light stage has been used in most of our portrait relighting project. Thus another

possible direction to explore is how we can understand the portrait appearances with less-
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expensive captures. The light stage is of course a very useful tool for appearance acquisition,
but capturing people inside a light stage requires a huge amount of effort to do the setup, not to
mention the cost to build and maintain a light stage. We hope we can find a better way to use

casually captured data to better understand human face appearances.

Portrait prior

In the portrait relighting projects we presented in this thesis, we only utilized a weak prior
of human portraits, which was implicitly learned by the neural networks. However, we believe
we haven’t fully exploited all the visual cues from the portrait. Thus, a promising direction is to
find more implicit or explicit priors of human faces, and find ways to combine them with the

neural network.

Dynamic portraits

In the thesis, we are solving the problem of relighting on static portraits. However,
people are dynamic, and constantly making movement and changing facial expression, which
gives much more information than just a single image. It is also a very promising direction to
explore how to aggregate information of the portrait from consecutive frames with different

facial expressions.
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