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Abstract

Accurately modeling the eye is a challenging task as it ex-
hibits refraction and reflection at the cornea, complex iris
texture, and self-occlusion and shadowing due to eyelids
and eyelashes. To address these challenges, we present a
system for learning a hybrid relightable eye model which
can be relit under near-field point lights. Our hybrid model
leverages an eyeball mesh for explicitly representing the
cornea surface and the reflections on it while learning the
geometry and light transport of the periocular region and
eye interior implicitly. To account for refraction, we ex-
plicitly handle the refraction of camera rays using Snell’s
law and predict the refraction of incident light rays using
a neural network. Furthermore, we propose an extension
of our method which enables us to relight the eye using a
fringe projector to simulate structured light. Through ex-
periments, we demonstrate that our method results in higher
fidelity rendering under novel viewpoint and lighting condi-
tions, improves learned iris geometry, and more accurately
simulates structured light fringe patterns on the eye.

1. Introduction
Eyes convey a wealth of information, providing cues about
our attention, intentions, and emotions. These cues are crit-
ical in Augmented and Virtual Reality (AR/VR) as we aim
to enable natural social interaction through virtual avatars
and to understand where a human’s attention is focused in
a scene through eye tracking. Because of this, building a
model of the eye and periocular region which can be ren-
dered has the potential to bring significant benefits to cre-
ating digital humans [24, 46] or generating synthetic data
to train machine learning based eye tracking methods on
[27, 50, 58, 61]. However, modeling the geometry and ap-

pearance of the eye presents many unique challenges. The
transparent cornea causes both refraction and reflection, the
iris exhibits fine-grained texture which can appear distorted
due to refraction, and self-occlusion and shadowing can oc-
cur due to eyelids and eyelashes.

Despite the importance of eyes, most of the computer
graphics literature has adopted overly simplistic representa-
tions, such as using a sphere-on-sphere model for the eye
and a planar disk or cone to represent the iris [30, 44].
Bérard et al. [4] was one of the first works to propose a
way to recover the shape and texture of all visible parts of
the eye (i.e., cornea, sclera, iris) from multi-view imagery,
but did not reconstruct the periocular region such as eyelids
and eyelashes. Schwartz et al. [48] later proposed a way to
model the entire face by registering an eyeball model into a
face mesh, where both the geometry and texture of the eye
and face were optimized through differentiable rendering.
However, the eye appearance of their method lacks photo-
realism and cannot be relit.

In recent years, Neural Radiance Fields (NeRF) [39]
has emerged as a promising technique for rendering photo-
realistic images. NeRF works by learning a continuous vol-
umetric representation of a scene’s geometry and appear-
ance through differentiable volume rendering. However, a
major limitation of NeRF is that it does not explicitly model
how light interacts with an object’s geometry and material
properties, preventing the ability to relight the scene under
novel illumination. Because of this, many efforts have been
made to enable relighting with NeRF through inverse ren-
dering [6, 11, 12, 25, 51] or by learning to model the light
transport function [47, 54, 62]. In relation to modeling and
relighting the eye, EyeNeRF [31] introduced a hybrid repre-
sentation where an explicit mesh model is used to represent
the eyeball surface while a NeRF model represents the peri-
ocular region and eye interior. There representation enabled
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Figure 1. Our model can render the eye under novel viewpoint,
relight the eye under arbitrary point light sources, and simulate
structured light fringe patterns on the eye.

them to account for some of the challenges of the eye like
refraction and reflection at the cornea, while also supporting
relighting using environment maps.

Our work shares many similarities to EyeNeRF [31].
However, instead of relighting using an environment map,
we focus on relighting under two commonly used illumi-
nation sources in eye tracking: near-field point lights and
fringe projectors. These two illumination sources explore
different avenues for eye tracking. Near-field point light
sources provide sparse surface information by producing
sparse specular reflections on the cornea, known as glints,
which can be used alongside other eye features such as the
pupil to recover gaze [16, 21, 38]. Alternatively, fringe
projection-based structured light provides dense depth in-
formation about eye features such as the sclera and iris,
which can be used to enrich traditional computer vision
methods and machine learning methods for eye tracking
[57, 59, 70]. By supporting relighting under both illumi-
nation sources, our method provides a viable path forward
for generating synthetic data for eye tracking exploration.

To accomplish building a model of the eye that cap-
tures all of its intricacies and allows for relighting, we de-
sign a hybrid relightable model that can be learned from
a light stage consisting of a sparse of set of cameras and
point lights. Inspired by EyeNeRF [31], our method lever-
ages an explicit eyeball mesh for representing the surface
of the cornea while implicitly learning the periocular re-
gion and eye interior as a NeRF. For relighting the eye
interior and face, our method learns a light transport field

which describes the relationship between incoming and out-
going light at a point in space. This allows us to approxi-
mate complex lighting effects (e.g., direct reflections, inter-
reflections, self-shadowing) learned from data captured by
our light stage instead of performing expensive simulation
of light transport. To handle accurately relighting the eye
interior, we must also account for light ray refraction. Fi-
nally, we extend the rendering equation from handling point
lights to relighting using fringe projectors. We demonstrate
that our approach models the appearance of the eye with
high fidelity and allows for relighting using either point
light sources or fringe projectors.

In summary, our contributions are:
• A hybrid relightable eye model that handles both refrac-

tion and reflection and can be relit under near-field illu-
mination point light sources.

• We propose a way to recover the direct illumination ray in
the presence of refraction, which is needed to accurately
model both light transport and structured light on surfaces
lying behind the refractive cornea.

• We introduce an extension of our method that enables us
to relight the eye using a fringe projector.

2. Related Work

2.1. Image-based relighting

Image-based relighting aims to model the complex lighting
effects present within a scene without the need for perform-
ing an explicit simulation of light transport. Early work by
Debevec et al. [17] showed that it was possible to model
the light transport function under distant illumination from
a dense set of OLAT images. Using their reconstructed light
transport function and the fact that light is additive, they
were able to relight a subject’s face under novel illumination
by interpolating these dense samples. In more recent years,
the use of neural networks have been explored to model the
light transport function for general relighting [19, 43, 64],
single image portrait relighting [41, 52], and multi-view
face relighting [36, 53]. Most closely related, are meth-
ods that learn a continuous volumetric light transport field
to relight the face in distant illumination [54] or near-field
illumination [47, 62] settings. However, these methods do
not account for refraction during volume rendering, making
them unsuitable for handling surfaces like the cornea.

To enable image-based relighting, special efforts have
been made to build light stages which consist of a dense
set of controllable cameras and light sources [7, 22, 36, 37].
Improving practicality, LitNeRF [47] demonstrated it was
possible to learn to relight the face from a sparse light stage
containing an order of magnitude less viewpoints and light
sources. Similar to LitNeRF, we build a sparse light stage
for capturing images of the eye under varying illumination.
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Figure 2. Overview of our Relightable Instant NGP architecture.

2.2. Neural rendering
Neural Radiance Fields (NeRF) [39] has demonstrated im-
pressive abilities to render photo-realistic images of a scene,
but only supports rendering from novel views under a fixed
illumination. Bi et al. [6] was the first to extend NeRF
for relighting by learning a continuous volumetric field of
BRDF parameters, enabling relighting under a single collo-
cated light source. Since then many works have extended
NeRF for inverse rendering while enabling relighting under
global illumination [11, 12, 25, 51, 67, 68]. While these
works have exhibited excellent performance on general re-
lighting, none of these methods address relighting in the
presence of refraction which is the major focus of our work.

While NeRF is capable of modeling view-dependent ap-
pearance, it struggles to represent the specular reflections
of glossy surfaces. To address this, some works have fo-
cused on reparameterizing NeRF’s view-dependent appear-
ance to simplify the mapping that the color MLP needs to
learn [34, 55, 56]. Other works have focused on reflections
in specific settings, such as planar mirrors and windows.
NeRFReN [23] models the transmitted and reflected rays
of a reflective planar surface with separate radiance fields,
while MS-NeRF [65] learns multiple virtual subspaces of a
scene containing mirrors. Unlike these works, we first re-
cover a mesh of the cornea and then explicitly trace reflected
light rays to shade glints on the cornea.

Aside from struggling to model reflections, NeRF is un-
able to properly handle refractive objects/media. To model
transparent objects, some works try to learn refraction
through differentiable rendering by warping rays [28, 42]
or predicting where along the ray the transparent surface
exists to perform refraction using Snell’s law [66]. Chen et
al. [15] estimate the transparent object’s shape through a
differentiable shape-from-silhouette pipeline and then per-
form explicit ray tracing through the scene, handling refrac-
tion using Snell’s law. Similar to our work, they recover ge-
ometry first and account for all instances of light refraction
between camera and light source; however, their method
assumes the object they are modeling is fully transparent
which does not hold for the eye.

Finally, [49] propose a way to learn high-fidelity depth

maps by optimizing a NeRF from raw structured light im-
ages. Our method differs from there’s as we focus on learn-
ing a relightable model from infrared images which can then
be relit under a fringe projector to simulate structured light.

2.3. Modeling the face and eyes

Modeling the face has a been a long standing problem of
interest. Previous works have explored learning the 3D ge-
ometry of the face using photometric stereo [14, 60], multi-
view stereo [1, 3, 13], and morphable models [8–10, 33].
More recently, works have focused on learning both ap-
pearance and geometry of the face through neural render-
ing [18, 20, 24, 26, 29, 35, 46, 63, 69, 71]. However, these
methods produce low fidelity eye reconstructions due to the
eye’s spatial resolution being low in the images they train
on and not considering the effects of corneal refraction.

Substantially less effort has been made towards accu-
rately reconstructing the geometry and appearance of the
eye. [4, 5] propose ways to reconstruct all visible parts of
the eye (i.e., sclera, cornea, and iris) from multi-view im-
agery. Differing from [4, 5], we not only reconstruct the
geometry and appearence of the eye but also the periocu-
lar region. Schwartz et al. [48] propose a hybrid repre-
sentation where an explicit eye mesh model is registered
into a predicted face mesh; however, their iris appearance
lacks detail and the subject cannot be relit. GazeNeRF [45]
and ShellNeRF [32] enable NeRF to perform gaze redirec-
tion on a reconstructed subject, but neither of these methods
are relightable. Most closely related to our work, EyeNeRF
[31] models the geometry of the transparent cornea explic-
itly with an eye mesh and implicitly learns the appearance
and geometry of the face and eye interior as a NeRF. Their
method accounts for the refraction and reflection of camera
rays, can perform gaze redirection, and can be relit using
environment maps. Unlike EyeNeRF, our method addition-
ally models the refraction of light rays used to relight the
eye interior that resides behind the refractive cornea. Fur-
thermore, we provide an extension of our method to relight-
ing under fringe projectors for simulating structured light.
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(a) (b) (c)

Figure 3. (a) For points inside the eye, the direct illumination ray is no longer the straight line between light position pl and point xeye

due to refraction. (b) Our Direct Illumination Ray (DIR) MLP predicts the correct light ray that will intersect a point behind the refractive
cornea. (c) The direct illumination ray under refraction predicted by our network is more accurate than the straight line assumption.

3. Method
In this paper, we build a system which can reconstruct and
relight the eye from a sparse set of multi-view images with
varying illumination. We begin by introducing a relightable
architecture that models appearance with a data-driven light
transport function which describes the relationship between
a point light source and outgoing radiance (Section 3.1).
To account for the geometry of the transparent cornea, we
leverage a hybrid eye representation where an explicit eye
mesh is registered into our neural volume (Section 3.2). Us-
ing our hybrid eye representation, we model glints on the
cornea with an explicit specularity shader and handle re-
fraction of rays using Snell’s law. To properly condition
our light transport function on incoming light rays in the
presence of refraction, we introduce a Direct Illumination
Ray network which predicts the light ray direction that will
pass through a sampled point after undergoing refraction
(Section 3.3). Finally, we describe how our pipeline can
be extended to relighting with fringe projectors to simulate
structured light (Section 3.4).

3.1. Relightable Instant NGP
Instant NGP [40] is a neural rendering method which can
achieve high quality view synthesis while benefitting from
significantly faster training and rendering time than the
original NeRF [39]. However, similar to NeRF, Instant NGP
cannot perform relighting. In this section, we describe our
Relightable Instant NGP, which learns to model both the ge-
ometry and light transport of the eye and periocular region
from images captured under varying illumination.

Ignoring emission, the outgoing radiance at a point x in
the direction ωo can be defined by the light transport equa-
tion as:

Lo(x, ωo) =

∫
Ω

T (x, ωo, ωi) ∗ Li(x, ωi) dωi (1)

where light transport T (x, ωo, ωi) describes the relationship
between incoming and outgoing light at different points in
space and Li(x, ωi) is the incident radiance at point x from
direction ωi.

We choose to approximate the real underlying light
transport T as an MLP T which is learned in a data-driven
manner. The total outgoing radiance at a point x in the di-
rection ωo illuminated by a set of point lights L is then:

Lo(x, ωo) =
∑
l∈L

T (x, ωo, ωi) ∗
il

||x− pl| |22
(2)

where pl and il are the position and intensity of point light
source l, respectively. To model near-field illumination ef-
fects, we consider a spatially-varying incident light direc-
tion ωi =

x−pl

∥x−pl∥2
. Furthermore, we scale our intensity il

by 1
∥x−pl∥2

2
to model the inverse-square law of a point light.

We base our neural field’s architecture on Instant NGP.
For a point x, we first query a feature from a multi-
resolution hash encoding H before using an MLP D to pre-
dict a geometry feature and density (fx, σ(x)) = D(H(x)).
Using our light transport MLP T and Equation 2, we then
compute our outgoing radiance Lo(x, ωo). In practice, we
condition T on geometry feature fx instead of on point x.

Volume rendering can then be achieved by replacing the
predicted radiance in NeRF with Equation 2. We define a
camera ray as r(t) = o+ td, where o is the ray origin and
d is the ray direction. Letting ωo = −d, we then render a
pixel as:

Ĉ(r) =

N∑
i=1

TiαiLo(r(ti), ωo) (3)

where αi = 1− exp(−σiδi)

Ti =

i−1∏
j=1

exp(−σjδj)

where σi = σ(r(ti)) and δi = ti+1 − ti.
Our training loss is then defined as:

L = λcolorLcolor + λdistLdist (4)

where Lcolor is the L1 loss between predicted pixel color
Ĉ(r) and ground truth pixel color C(r) and Ldist is Mip-
NeRF 360’s distortion loss [2]. We set λcolor = 1 and
λdist = 0.03 for all our experiments.
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3.2. Hybrid Eye Representation
While our architecture enables training from images with
varying illumination and relighting under arbitrary near-
field point light sources, it is not suitable for modeling the
geometry and appearance of the eye due to the cornea. In
particular, the transparency of the cornea makes learning its
geometry difficult. Additionally, light sources cause sharp
specularities on the cornea, known as glints. These spec-
ularities are difficult to learn as their position and shape
change rapidly as a function of viewing angle, light source
position, and cornea shape. Finally, refraction distorts the
appearance of the iris and pupil breaking the multi-view
consistency assumption of NeRF.

To address these challenges, we leverage a hybrid eye
representation similar to Li et al. [31], where prior to train-
ing our NeRF model we extract an explicit mesh of the eye
and register it into our NeRF volume. This allows us to rep-
resent the surface of the transparent cornea in an explicit
manner while our NeRF model learns the geometry of the
face and interior of the eye implicitly. Moreover, it provides
us with a way to properly model the reflection and refraction
of rays that hit the cornea.

3.2.1. Explicit eye mesh model
We first reconstruct a mesh of the eye using an eye scan-
ner from Transfolio. The eye pose needed to register the
mesh into our NeRF training volume is then estimated from
our reconstructed eye mesh and our light stage. Using the
known light positions and camera poses, we optimize for
an eye pose which minimizes both pupil and glint reprojec-
tion errors against the detected pupils and glints captured in
our light stage images. Unlike [31], our method does not
require a manual initialization of the eye pose and shape in
Blender, making it more scalable.

3.2.2. Glint rendering
From our sparse set of point lights, it is difficult for our
model to learn that the cornea produces mirror-like specu-
larities. Instead of trying to learn these specularities implic-
itly, we explicitly shade glints onto the cornea. To do so, we
make the assumption that the cornea acts as a perfect mir-
ror and treat our point light source as a disk with center pl,
radius rdisk, and color s.

Given a camera ray r, we first find where the ray inter-
sects our eye mesh using a ray tracer. We denote the in-
tersection point as xmesh, which exists a distance of tmesh

along the ray r. We further obtain surface normal n using
barycentric interpolation of the vertex normals of the inter-
sected triangle face. The reflected ray is then defined as:

rr(t) = xmesh + tdr (5)
where dr = d− 2(d · n)n

Using reflected ray rr, we then find where along the ray

it intersects the z-plane of our light disk and denote this
distance as tl. Finally, the glint cglint is produced as:

cglint =

{
s, if ∥rr(tl)− pl∥2 < rdisk

0, otherwise
(6)

For rendering from our training cameras, we set point light
size rdisk = 1.25cm and light color to s = 255 (i.e., white).

3.2.3. Camera ray refraction
Aside from mirror-like specularities, the cornea also ex-
hibits refraction which distorts the appearance of the iris and
pupil across camera views. To account for this distorted ap-
pearance, we choose to explicitly account for refraction by
bending rays. In particular, from our previously computed
ray-mesh intersection, we additionally compute a refracted
ray rd(t) = xmesh + tdd, where dd is the refracted ray di-
rection computed using Snell’s law. This allows us to split
our rendering into two parts, rendering outside the eye using
pre-mesh interesection ray r to produce color couter using
Equation 3, and similarly rendering inside the eye along re-
fracted ray rd to produce color cinner. Letting wi = Tiαi,
we can then produce the final pixel color as a composition
of our rendered colors:

Ĉ(r) = couter + (1−
Nouter∑
i=0

wi) ∗ (cglint + cinner) (7)

where Nouter is the number of samples along the ray
between the pre-mesh intersection ray’s sampling bounds
tnear and tmesh.

3.3. Light ray refraction
Our light transport MLP T is conditioned on the light ray
direction which directly illuminates a 3D point. For points
outside the eye, this light ray direction can be defined as
ωi =

x−pl

∥x−pl∥2
. However, as shown in Figure 3a, for points

inside the eye this light ray direction is no longer accurate
as the cornea causes the light ray to refract.

To address this, we introduce a Direct Illumination Ray
network that predicts the light ray which directly illumi-
nates a point under refraction, as shown in Figure 3b. In
particular, given a light source l with position pl and a sam-
pled point inside the eye xeye, our Direct Illumination Ray
network predicts the light ray direction ωi that is used to
condition our light transport MLP T in Equation 2:

ωi = DIR(pl,xeye) (8)

We model our Direction Illumination Ray network as an
MLP and use a fourier feature encoding to encode both light
position and sampled point inside the eye. We train this net-
work separately from our Relightable Instant NGP model
and supervise our training with the ground truth light ray
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PSNR ↑ SSIM ↑ LPIPS ↓

Instant NGP [40] 26.78 0.7797 0.6121
Ours 29.43 0.8278 0.6260

Table 1. Quantitative comparison on a holdout camera viewpoint.

View Synthesis / Relighting Iris Geometry

PSNR ↑ SSIM ↑ LPIPS ↓ MAE ↓

NR 28.55 0.8086 0.6384 8.65
CRR 28.94 0.8184 0.6262 5.09
CRR + LRR 29.43 0.8278 0.6260 5.12

Table 2. Ablation of our method with no refraction (NR), camera
ray refraction (CRR), and both camera ray refraction + light ray
refraction (CRR + LRR).

direction ωgt using a cosine similarity loss. We refer read-
ers to our supplemental for a description of how we generate
our training data pairs {(pl,xeye), ωgt}.

3.4. Relighting with fringe projectors

We now introduce a way to relight the eye under a fringe
projector to simulate structured light. In order to do so, we
make an assumption that the projector acts like a pinhole
camera and follows perspective projection.

Given a fringe projector with intrinsics K and extrin-
sics M = [R, t], we define the illumination source of the
projector as its center c = −RT t with a maximal inten-
sity i. Note that the true intensity emitted into the scene
is dependent on the chosen fringe pattern. In our exper-
iments, we use a vertical sinusoidal grating as our fringe
pattern. We first generate a sinusoidal fringe pattern image
as Iatten(u, v) = sin(2πf u

W +ϕ), where W is the width of
the image and f and ϕ are the frequency and phase of the
sine wave, respectively. Then we model the true intensity
emitted in a direction as the maximal intensity i times an
attenuation that is looked up in Iatten. To simulate fringe
projection in our renderings, we introduce an attenuation
factor A(ωi) into the outgoing radiance of Equation 2:

Lo(x, ωo) = T (x, ωo, ωi) ∗
i

||x− c| |22
∗A(ωi) (9)

A(ωi) = B(Iatten, p(ωi)) (10)
p(ωi) = K(R(c+ ωi) + t) (11)

where B(Iatten, p(ωi)) denotes bilinear interpolation of
Iatten at the projected point p(ωi). We note that we use
the direct illumination ray ωi for looking up attention val-
ues instead of sampled point x, which allows us to account
for the refraction of the fringe pattern caused by the cornea.

4. Experiments

4.1. Implementation details
Our Direct Illumination Ray network is modeled as a 3-
layer MLP with a hidden dimension of 128 at each layer.
We set the number of frequencies for our fourier feature en-
coding to 10. The model is trained per subject for 100k
iterations, which takes about 1 hour on a NVIDIA A100.

Our Relightable Instant NGP is based off of Instant NGP
[40]. We leverage a multi-resolution hash encoding where
we vary the hash grid resolution from 16 to 2048 and set
our hash map to contain 221 entries. We model the density
network as 3-layer MLP with a hidden dimension of 256 at
each layer and the light transport network as a 5-layer MLP
with a hidden dimension of 256 at each layer. View direc-
tions and illumination directions are encoded as 4th order
spherical harmonics. We train our model per subject for
100k iterations, which takes 6 hours on a NVIDIA A100.

4.2. Datasets
For training and evaluation, we build a dataset containing
high quality captures of 11 different subjects. Our light
stage consists of 18 IR cameras spread along the frontal
hemisphere such that their visual hull contains half of the
subject’s face. Cameras are positioned roughly 30 cm from
the face and capture 2048 × 2048 images focused on the
eye in view. To illuminate the face, we use 16 point light
sources. Each point light can be controlled individually
and turning on all the point lights simultaneously provides
roughly uniform illumination of the face. Cameras extrinsic
and intrinsics are calibrated using a target board and light
positions are calibrated using a mirror sphere. During cap-
ture, we ask the subject to fixate on an illuminated LED on
a target board and capture a 35 frame burst of images under
varying illumination. We refer readers to our supplemental
for an example capture of a subject.

4.3. Results
In this section, we present quantitative and qualitative re-
sults of our method for novel view synthesis, relighting, iris
geometry, and structured light simulation. We refer readers
to our supplemental material for more results.

4.3.1. Novel view synthesis
We begin by demonstrating that the original Instant NGP
[40] is not suitable for training on OLAT images. Since the
architecture is not relightable, Instant NGP must be trained
from the multi-view images of a single light source, and
therefore lighting is baked in and we can only render from
novel viewpoints. On the other hand, with our architecture
we are able to leverage more data for training by using dif-
ferent lighting conditions. For experiments on our model,
we choose to hold out the point light source that we train
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Instant NGP [40] Ours Ground Truth

Figure 4. Qualitative comparison of renderings from a novel view-
point (and novel lighting condition for our method).

Instant NGP with and train our model with all our other
point light sources. In this way, we can demonstrate that
our method outperforms our baseline even when addition-
ally generalizing to novel lighting conditions.

We quantitatively demonstrate the superiority of our
method when generalizing to novel viewpoints (and novel
light source for our method) in Table 1. In particular, we
observe a 10% relative improvement in PSNR and 6% rel-
ative improvement in SSIM over our baseline, despite our
baseline being trained on the specific lighting condition we
evaluate on while our method was not.

In Figure 4, we present a qualitative comparison of our
method against our baseline. Instant NGP struggles to rep-
resent glints on the cornea, producing only a faint cloudy
white speckle on the eye. Alternatively, our method is able
to recover the glints on the cornea caused by a light source
thanks to our explicit glint shading. Furthermore, we ob-
serve that our method can more faithfully model the appear-
ance of the eye. In the first two rows, we observe that Instant
NGP produces an iris that appears flat and too bright, while
our method models shading of the iris much better. Finally,
we find that Instant NGP can suffer from floaters and blur-
riness (right side of eye in bottom row). This is likely due
to poor convergence when training on images that contain
non-uniform illumination, as occlusions of the single point
light source can cause shadows which heavily alter the ap-
pearance of the eye and face from different viewpoints. Our
method is less likely to suffer from these issues as appear-
ance changes from shadows can be encoded by our trans-
port field, and we can also train on more lighting conditions
which ensure all points of the face are illuminated.

4.3.2. Relighting
To understand the importance of certain parts of our archi-
tecture, we evaluate different variants of our method when
rendering under novel viewpoint and lighting conditions. In
Table 2, we evaluate our Relightable Instant NGP model

NR CRR CRR + LRR

Figure 5. Qualitative comparison of renderings from a novel view-
point and novel lighting condition.

NR CRR+LRR

Figure 6. Visualization of our reconstructed iris, estimated optic
axis (red arrow), and a reference optic axis produced by our eye
mesh pose fitting (blue arrow).

without accounting for refraction (NR), accounting for just
camera ray refraction (CRR), and accounting for both cam-
era and light ray refraction (CRR+LRR). We observe im-
provements across all metrics as we include camera ray re-
fraction via Snell’s law into our rendering and again see
further improvements across all metrics as we account for
light ray refraction with our Direct Illumination Ray predic-
tion network. We further qualitatively evaluate these model
variants in Figure 5. Without any refraction, the geome-
try of the cornea is not well observed and the iris appears
slightly distorted to account for the lack of refraction. Upon
adding camera ray refraction, the shape of cornea becomes
more visible and iris appearance improves. Finally, with
adding in light ray refraction the transition between iris and
sclera, known as the limbus, becomes more apparent and
shadowing on the eye due to occlusion by the upper eyelid
and eyelashes improves.

4.3.3. Iris geometry
While we do not have ground truth iris geometry to compare
against, we are still interested in understanding whether ac-
counting for refraction leads to better iris geometry. When
modeling the geometry of the eye, a common simplification
is to treat the iris as a planar disk whose normal is aligned
with the optic axis. We take inspiration from this and eval-
uate how well we can recover the subject’s gaze direction
from our reconstructed iris as a proxy for geometry eval-
uation. In particular, we fit a plane to our reconstructed
iris and measure the angular error (AE) between the nor-
mal of the estimated plane and the reference optic axis we
have from fitting the pose of our eye mesh. In Table 2, we
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Figure 7. (a) Comparison of real and simulated structured light.
(b) Wrapped phase computed using a 3-step PSP method. (c)
Cross section comparison of the real and simulated wrapped phase.

NR CRR CRR+LRR

Absolute Error 1.08 1.48 0.98

Table 3. Absolute error between simulated and real phase averaged
over different cross sections of the iris.

show that adding in refraction improves gaze estimation by
3.5◦. Furthermore, in Figure 6, we show an example recon-
structed iris with and without refraction, where we visual-
ize the depth of the iris points along the optic axis by color.
We find that without refraction, the iris is significantly more
curved and takes the shape of the cornea, while the iris re-
construction when accounting for refraction is much flatter.
Both improved gaze estimation and flatter iris reconstruc-
tion suggest that modeling refraction does improve learning
geometry behind the cornea.

4.3.4. Structured light
To evaluate our simulation of structured light, we capture
the same subject using both our light stage and a structured
light rig. We calibrate the camera of our structured light
rig and use the calibration for simulating renders with our
learned reconstruction. In Figure 7a, we show a compari-
son between real and simulated structured light. Looking at
the zoomed insets of the eye, we see that training our model
without refraction (NR) or just camera ray refraction (CRR)
leads to blurred and warped fringes. On the other hand,
when using our full pipeline (CRR+LRR), we find that our
method recovers the fringe pattern with minimal distortions
even in the presence of the refractive cornea. To quanita-
tively verify this, we compute the wrapped phase (Figure
7b) using a 3-step phase-shift profilometry (PSP) method

and compute the absolute error between a cross section of
the real and simulated wrapped phase (Figure 7c). While
modeling camera ray refraction (CRR) improves iris geom-
etry over the no refraction (NR) case, in Figure 7c and Table
3, we show that the simulated phase is worse as we do not
accurately model a light ray’s path from the surface back
to the projector. However, adding in light ray refraction
(CRR+LRR) corrects for this as our Direction Illumination
Ray network predicts a light ray’s correct path back to the
projector, leading to the best wrapped phase simulation.

4.3.5. Light ray prediction
We demonstrate the importance of our Direct Illumina-
tion Ray (DIR) network by comparing the accuracy of the
straight line approximation, ωi =

xeye−pl

||xeye−pl||2 , of a direct
light ray under refraction and our predicted light ray from
our Direct Illumination Ray network. In Figure 3c, we plot
the angular errors of these predictions against the ground
truth direct light ray ωgt that originates from a point source
pl and intersects the point xeye inside the eye after under-
going refraction. The straight line assumption becomes in-
creasingly less accurate as the point light source moves to-
wards the eye. While the angular error of our predictions
follow a similar trend, we see that it occurs at a much slower
rate. In particular, we find that our method obtains a 3−4×
improvement in angular error over the straight line assump-
tion in the near-field illumination setting (< 0.05m). This
reduction in angular error is important as accurately mod-
eling fringes for structured light requires properly tracing a
ray from the surface back to a light source.

5. Conclusion
In this paper, we build a system which can reconstruct and
relight the eye from a sparse set of multi-view images cap-
tured under varying illumination. By resolving the geom-
etry of the cornea ahead of time, we are able to correctly
model the reflection and refraction caused by the cornea,
which we demonstrate leads to better appearance and ge-
ometry. We further introduce a Direct Illumination Ray net-
work which allows us to model direct reflections of surfaces
behind the cornea. We show that accurately modeling the
refraction of light rays improves relighting quality and en-
ables us to simulate structured light on the iris which lies
behind the refractive cornea. Despite our method being re-
lightable, we still struggle to represent highly specular re-
flections on the skin and high frequency shadows on the eye
(e.g., eyelash strand shadows). We believe addressing these
issues are interesting lines of future work which can lead to
achieving better photo-realism.
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