
NEMTO: Neural Environment Matting for
Novel View and Relighting Synthesis of Transparent Objects

Dongqing Wang Tong Zhang Sabine Süsstrunk
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Abstract

We propose NEMTO, the first end-to-end neural render-
ing pipeline to model 3D transparent objects with complex
geometry and unknown indices of refraction. Commonly
used appearance modeling such as the Disney BSDF model
cannot accurately address this challenging problem due to
the complex light paths bending through refractions and
the strong dependency of surface appearance on illumina-
tion. With 2D images of the transparent object as input,
our method is capable of high-quality novel view and re-
lighting synthesis. We leverage implicit Signed Distance
Functions (SDF) to model the object geometry and pro-
pose a refraction-aware ray bending network to model the
effects of light refraction within the object. Our ray bend-
ing network is more tolerant to geometric inaccuracies than
traditional physically-based methods for rendering trans-
parent objects. We provide extensive evaluations on both
synthetic and real-world datasets to demonstrate our high-
quality synthesis and the applicability of our method.

1. Introduction

Modeling transparent objects is important for VR/AR
applications as the former are abundant in the real world.
Unlike opaque objects with close-to-zero light transmission,
transparent objects allow light to pass through. Such refrac-
tion and reflection create complex light paths and give trans-
parent objects highly environment-dependent appearances.
Consequently, the appearance and geometry of transparent
objects are much more entangled than those of opaque ob-
jects [31]. A slight error in object geometry can lead to a
global change in appearance [42], as the light path for each
ray may thus vary substantially. For these reasons, deriving
material and object geometry from images of a transparent
object is a highly ill-posed and challenging problem.

Existing work for modeling transparent objects can be
classified into two categories. One assumes known indices
of refraction (IOR) and reconstructs the complex geometry
of transparent objects through either physical devices and
structured backlights [9, 24, 37, 38, 40, 42] or neural net-
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Figure 1. Given as input multi-view images captured under natural
illumination, NEMTO is capable of high-quality novel view syn-
thesis and relighting through optimizing an end-to-end neural rep-
resentation for a transparent object. NEMTO disentangles geome-
try and illumination-dependent appearance, which previous neural
rendering methods, such as PhySG [45], cannot.

works that model geometry with analytical refraction [23].
The other [3] focuses on optimizing the refractive ray path
in the scene without modeling the object surface geome-
try. However, neither approach is optimal for synthesizing
novel views and relighting for transparent objects with com-
plex geometry. In this work, we propose a new framework
that combines recent advances in Neural Inverse Render-
ing [5, 6, 29, 45, 47, 48] to overcome these limitations.

Traditionally, physically-based rendering follows Snell’s
Law to render transparent objects. However, object appear-
ance highly depends on geometry estimation, and jointly
optimizing both is highly ill-posed. Therefore, our key con-
tribution is incorporating a physically-guided Ray Bending
Network (RBN) to disentangle object geometry and light re-
fraction. RBN takes the learned geometry [44] as prior, and
models light refraction by mapping the incoming ray direc-
tion directly to the refracted ray direction exiting the object.
Our method does not assume a homogeneous refractive in-
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Methods A B C D E F G Task
NeRF [26] ✗ ✓ ✗ ✗ ✓ ✓ ✗

Im
g-

B
as

ed
Sy

nt
he

si
sEikonal [3] ✓ ✓ ✗ ✗ ✓ ✓ ✗

IDR [44] ✗ ✓ ✗ ✓ ✓ ✓ ✗
PhySG, ... [45, 48] ✗ ✓ ✓ ✓ ✓ ✗ ✓

NEMTO (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✗

G
eo

.
E

st
.[40, 24, 42] ✓ ✗ ✗ ✓ ✗ ✗ ✗

TLG [23] ✓ ✗ ✗ ✓ ✓ ✗ ✗

Table 1. Comparison of relevent methods. The first group fo-
cuses on image-based novel view synthesis and relighting, while
the second estimates transparent object geometry. (A) can model
light refraction for non-opaque objects, (B) allows direct novel
view synthesis w/ unknown IOR, (C) allows direct scene relighting
w/ unknown IOR, (D) can model object surface, (E) does not re-
quire complex setup for image capture, i.e no patterned backlight,
turntables, etc., (F) can model transparent materials w/ unknown
IOR, (G) allows estimation of illumination during training.

dex or a fixed number of bounces [3, 31], and models the
object’s surface with the zero-level set of the Signed Dis-
tance Function (SDF). NEMTO thus has the potential to
handle a wider range of complex geometry and better adapt
to various refractive media than existing transparent object
modeling [3, 23]. Furthermore, our RBN can improve the
estimated geometry by better disentangling it from the ap-
pearance of the object than other neural rendering meth-
ods [44, 45]. NEMTO thus makes it practical to model
transparent objects in various scenarios, by working with
unknown refractive indices and natural environment illumi-
nation. Tab. 1 lists the pros and cons of image-based models
on novel view and relight synthesis, along with methods fo-
cusing on geometry estimation for transparent objects. We
identify the first group as our baseline because the second
cannot synthesize views without knowing the object IOR.
Experiments show that NEMTO can synthesize higher qual-
ity novel views and relighting through our representation of
transparent objects than all of our baseline methods.

To summarize, our contributions are as follows:

• We propose NEMTO, the first end-to-end method for
novel view synthesis and scene relighting for transpar-
ent objects, shown in Fig. 1. Our method can disentan-
gle transparent object geometry and appearance.

• We design a physically-guided Ray Bending Network
(RBN) for predicting ray paths traversing through the
transparent object. The network prediction has better
error tolerance for the estimated geometry than analyti-
cally calculated refraction.

• NEMTO can easily be adapted to real-world transparent
objects and achieve high-quality image-based synthesis.

2. Related Work

Neural Rendering. Neural rendering algorithms with im-
plicit scene representation fall into two categories, volume-

based and surface-based methods. Volume-based methods,
e.g. NeRF [26], enable photo-realistic novel view synthesis
by representing the scene as a Multilayer Perceptron (MLP)
based radiance field [5, 36, 43]. These methods often can-
not distill radiance near the object surface, which is dis-
advantageous in our case as light refraction strongly relies
on ray-surface intersections as prior. Surfaced-based meth-
ods [44] directly optimize the underlying geometry with
SDFs and estimate object surface with higher accuracy.

Both representations have evolved to model appearance
via the rendering equation [19] i.e., to jointly estimate the
scene geometry, appearance, and illumination of the scene
using existing 2D images [4, 5, 36, 45, 47, 48]. These
methods assume that objects have opaque surfaces and light
paths are non-refractive throughout the scene, and model
appearance with the Disney BRDF model [7, 20]. They pro-
vide insights into solving the highly ill-posed inverse ren-
dering problem, but cannot work for transparent objects. In
our model, we design an MLP for ray refraction prediction
to allow modeling of light through non-opaque objects.

Environment Matting. Environment matting captures the
reflection and refraction of environment light by transparent
objects. It represents illumination as texture maps and re-
covers refraction through pixel-texel correspondence. With
a structured backlight as background, the light path through
the object in the front can be approximately computed
[9, 49]. Inspired by traditional environment matting tech-
niques for transparent object shape reconstruction, Chen et
al. [8] design a deep learning network to estimate the en-
vironment matting as a refractive flow field. These above
methods require a controlled dark room to capture images
without ambient light. Wexler et al. [38] develop an en-
vironment matting algorithm that works with natural scene
backgrounds, but that method requires complex camera se-
tups and structured background light. In our method, we ap-
proximate environment matting through a neural network.
We directly map camera rays to refracted rays and optimize
by comparing projected pixels on the environment maps to
ground truth pixels. Our method does not require a complex
physical setup and is more adaptive to inaccurate geometry.

Transparent Object Modeling. Forward rendering of
transparent objects is well-understood given Snell’s Law.
Inversely rendering transparent objects and reconstructing
the geometry from images, however, remains challenging.
Kutulakos et al. [22] first prove that a ray path through two-
interface refractive media can be recovered theoretically.
Given this insight, previous methods estimating transpar-
ent geometry use controlled setups for light path acquisition
such as light field probes [37], polarized imagery [15], X-
ray CT scanner [32], and transmission imaging [21]. Wu et
al. [40] and Lyu et al. [24] use turntables in front of static
structured backlights to reconstruct geometry, but our work
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path of an incident ray through the object given the perfect
specular reflection and transmission exhibited by its smooth
dielectric materials [31]. Specifically, all scattering of radi-
ance for a given ray shares a single outgoing direction.

As shown in Fig. 2. (b), for a 3D point x on object sur-
face, we denote the incoming ray direction as ωi, the unit
surface normal as n, the angle between ωi and n as βi.
Likewise denote reflected and transmitted ray direction as
ωr and ωt with βr and βt. Analytically, βr = βi, and ac-
cording to Snell’s Law,

ηt sinβt = ηi sinβi, (1)

where ηi and ηt are defined as the indices of refraction of
the medium through which the incoming and outgoing ray
travels, respectively. The analytical reflected ray direction
is expressed as:

ωr = 2(n · ωi)n− ωi, (2)

while the analytical refracted ray direction is formulated as

ωa = − ηi
ηt

(ωi−(ωi ·n)n)−n

√
1− (

ηi
ηt

)2(1− (ωi · n)2).
(3)

Neural Environment Matting. The accuracy of the ana-
lytically evaluated refracted light direction is highly corre-
lated to the quality of the estimated geometry, which makes
it difficult to simultaneously optimize the geometry and
light refraction through the object. To overcome this issue,
we discard the analytical solution ωa for refraction mod-
eling in Eq. (3) and utilize a neural environment matting
method. Our ray bending network (RBN) directly estimates
ωt, mapping incident rays intersecting the scene object to
the final refracted ray direction, thereby learning how the
transparent object refracts environment light and implicitly
represents the refractive index through the network.

As shown in Fig. 2 (b), our modeling of light refrac-
tion passing through transparent media is expressed as a
function R, which takes as input the viewing direction
ωi, the first intersection point x between the viewing ray
ρ(t) = o + tωi and the implicit geometry surface, and the
surface normal n of point x. The function output is the
refracted direction ωt for the viewing ray ρ exiting the ge-
ometry and the “refractive index” ηt at x. By incorporat-
ing x and n as priors, we can account for complex view-
ing effects, such as total internal reflection, which depends
on the angle between the surface normal, viewing direction
and the concavity of the geometry. We approximate this
function using a Multi-Layer Perceptron (MLP) network
RΘ : (ωi,x,n) → (ωt, ηt). To handle high-frequency ray
refractions, we apply positional encoding [33] to the view-
ing direction and surface intersection.

Our light path modeling stems from two important in-
tuitions inspired by traditional environment matting tech-
niques for transparent objects: (1) we assume the scene to

contain a single object that is transparent, and we assume
the contribution of radiance on each ray segment exiting the
object is negligible except for one main refracted ray; (2)
the scene illumination will be modeled with an environment
map and each ray comes from an infinite distance. From
these observations, the final evaluated radiance of each cam-
era ray that intersects with the scene object only depends on
its direction upon exiting the object. In the next section,
we present our differentiable forward rendering algorithm
to work with these assumptions.

3.4. Forward Rendering

The recursive hemispherical integral of the rendering
equation for evaluating each viewing ray does not have a
closed-form solution and has to be numerically evaluated
with the Monte Carlo method [35]. We provide an approx-
imate evaluation of the final radiance as the combination of
reflected radiance at incident ray and refracted radiance at
outgoing ray through the Fresnel term. Our rendering mod-
ule is differentiable and designed for physical plausibility.

For transparent objects with smooth surfaces, the view-
dependent reflected radiance Lr at each incident point is
only dependent on the the reflected ray direction [31, 36]:

Lr ∝
∫

fr(ωr,ωi)Li(ωi)dωi = E(ωr), (4)

while ωi is related to ωr through Eqn. (2). We propose the
assumption that an analogous relationship exists between
refracted radiance at the incident location and the final re-
fracted ray direction. Specifically,

Lt ∝
∫

fr(ωt,ωi)Li(ωi)dωi = E(ωt), (5)

where E : R3 → R3 maps unit ray direction ω(·) to a 3-
channel RGB color. We reference the RGB value on our
estimated environment map by the 2D coordinate obtained
through texture mapping from the viewing direction.

We use the Fresnel equation to compute the incident en-
ergy split between reflection and transmission, therefore the
reflected and transmitted radiance is proportional to the in-
cident ray radiance at the surface intersection. For unpolar-
ized transparent objects, the Fresnel reflectance is given by

r∥ =
ηt cosβi − ηi cosβt

ηt cosβi + ηi cosβt
, (6)

r⊥ =
ηi cosβi − ηt cosβt

ηi cosβi + ηt cosβt
, (7)

where r∥ gives the reflectance for parallel polarized light,
and r⊥ is the reflectance for perpendicular polarized light.
Since we assume light to be unpolarized, the Fresnel re-
flectance Fr can be analytically written as,

Fr =
1

2
(r2∥ + r2⊥). (8)

Due to the conservation of energy, the energy transmittance
Ft is therefore given by Ft = 1− Fr.
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The final radiance for a given ray ρ is then evaluated as:

Ĉ(ρ) = Fr ⊙ E(ωr) +
η2i
η2t

(1− Fr)⊙ E(ωt), (9)

with ⊙ denotes element-wise multiplication, and ηi =
1.00028 being the IOR for air.

3.5. Optimization

As the joint optimization of geometry and light refrac-
tion of transparent objects is highly ill-posed, we enforce
different priors to generate visually plausible solutions.

For each batch, we sample the set of all pixels P from the
input image dataset to get M patches, each of m×m neigh-
boring pixels. Therefore a training batch contains m2M
pixels we denote as PM ⊂ P . PM can be subdivided
into two non-overlapping sets of pixels PMi

and PMo
de-

pending on whether the pixel contains the object or not,
|PMo

| + |PMi
| = m2M . Each pρ ∈ PM is rendered by

one camera ray ρ(t) = o + tωi with origin o and viewing
direction ωi. We apply masked rendering and mask out non-
intersecting rays for the loss functions. Specifically, through
sphere tracing, if ρ hits the object surface, pρ ∈ PMi

, oth-
erwise pρ ∈ PMo

and its rendered radiance Ĉ(ρ) = 0.
The Pixel loss for PM is obtained through the ground

truth RGB C̃p for pρ ∈ PMi and rendered radiance Ĉ(ρ),

Lpix =
1

|PMi
|

∑
pr∈PMi

∥Ĉ(ρ)− C̃p∥1. (10)

For ray refraction estimation, we use two losses: Lrg for
each ray ρ that hits the object with viewing direction ωi to
guide its refracted direction ωt exiting the object toward the
analytical solution ωa obtained by Eq. (3) through cosine
similarity,

Lrg =
1

|PMi
|

∑
ωi:pρ∈PMi

[1− ωt · ωa

max(∥ωt∥2 · ∥ωa∥2, 0)
].

(11)
We employ a weight decaying strategy on Lrg to provide
initial physically-guided supervision for RBN on refraction.
Additionally, we utilize a patch-based loss term Lrs for ray
hits to encourage locally smooth refraction directions, as
we assume that most transparent objects are locally smooth
given their smooth dielectric material. For each m × m
patch containing only ray hits, we penalize the mean of
variance on the estimated refraction directions. Along with
Lpix, the RBN can better compensate the inaccuracy on esti-
mated geometry than strictly following analytical solution.

For geometry optimization, we employ a silhouette loss
from input masks {Qn}Nn=1 and focus on non-intersecting
rays. For each ray ρ : pρ ∈ PMo , we uniformly sample K
points on ρ within the object bounding box and query fθ for
the minimal SDF value zk to penalize on ray miss with the

cross-entropy CEα loss with logit parameterized by α,

Lsil =
1

|PMo |
∑

pρ∈PMo

CEα(zk). (12)

In order to impose a constraint on the learned function fθ to
ensure that it is an approximate SDF, we randomly sample
V points {vi}Vi=1 inside the bounding box and adopt the
loss by Implicit Geometric Regularization (IGR) [13]:

Le = Ev(∥∇vfθ∥2 − 1)2. (13)

The overall loss function of our optimization is defined
as the weighted sum of each loss with λ(·) as weight terms:

L = λpixLpix + λeLe + λsilLsil

+ λrgLrg + λrsLrs.
(14)

4. Experiments
4.1. Synthetic Data Evaluation

Datasets. We use the 4 mesh objects of kitty, cow, bear, and
key-mouse from [41, 45], and render each object with the
smooth dielectric BSDF model with Mitsuba 3 [18] under
an environmental light emitter. For synthetic dataset evalu-
ations we set interior IOR to 1.4723 for glass and exterior
IOR to 1.00028 for air. We also create datasets with interior
IOR set to 1.2, and 2.4 for ablation studies. We uniformly
sample 200 camera poses on the upper hemisphere around
each object following the Fibonacci lattice and randomly
assign 100 each for training and testing. We obtain object
masks through data pre-processing [12].
Baseline. As discussed in Sec. 2 and shown in Tab. 1, no
other work studies the same problem as ours, i.e., modeling
refraction for transparent objects with complex geometry
by neural networks for novel view and relighting synthe-
sis. We, therefore, classify our baselines based on different
tasks: NeRF [26] and Eikonal Fields [3] on novel view
synthesis; IDR [44] on novel view synthesis and geometry
reconstruction; PhySG [45] on novel view and relighting
synthesis, and geometry reconstruction. As geometry is not
our aimed task to improve, extracted mesh quality is only to
show that RBN effectively disentangles geometry and ray
refraction on appearance. We do not include comparisons
with volume-based neural relighting methods [5, 36] as they
share the same appearance model with PhySG.
Novel View Synthesis. A qualitative comparison of our
method and baseline methods is shown in Fig. 3. NeRF
and Eikonal Fields model object appearance as MLP-based
volume and cannot distill radiance properly around the ob-
ject surface. However, when modeling refractive objects
with complex geometry, it is important to locate the sur-
face for accurate refraction direction estimation. Eikonal
fields relies on user-defined bounding boxes, resulting in
failure cases where the opaque scene and the refractive
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NEMTO NeRF [23] IDR [39] PhySG [40] Ground Truth

Glass Bear

Glass Key Mouse

Eikonal [2] 

Figure 3. Qualitative comparison with baseline methods on Novel View Synthesis. We compare our novel view synthesis on transparent
objects with the methods that we identify as most relevant to ours, NeRF [26], Eikonal Field [3], IDR [44], and PhySG [45]. Our method
outperforms the others on the high-frequency details caused by ray refraction.

NEMTORelighting 
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PhySG[40]

Original

Figure 4. Qualitative results on Relighting for synthetic
datasets. We show that our network can faithfully relight the
object with unseen environment illumination, unlike PhySG [45].

part cannot be separated. Meanwhile, IDR and PhySG are
surface-based methods, but IDR models appearance as a
light field [39] and cannot correctly interpolate the high-
frequency change of the refracted environment illumination
on object appearance. PhySG uses Disney BSDF [7] which
does not work for non-opaque objects and therefore fails to
correctly disentangle geometry and appearance.

We report quantitative evaluation on novel view synthe-
sis with metrics including PSNR, SSIM, and LPIPS [46]
through testing on held-out images in Tab. 3. Our method
significantly outperforms all of our baselines on synthesiz-
ing novel views for accurately modeling the refraction di-
rection of each ray intersected with geometry.

Relight Synthesis. We provide a qualitative comparison of
relighting synthesis in Fig. 4. As the environment map used
during training is natural and unstructured unlike in prior
works [24, 40], many pixels share similar radiance, but our
learned refractions are not overfitted on the training illumi-
nation; they are aligned with the true refractions. We relight
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Synthetic ↓Chamfer L1(10
−3)

Method Kitty Bear Key Mouse Cow

IDR [44] 4.30 3.66 3.70 11.66
PhySG [45] 87.67 67.43 31.61 52.17
NEMTO 2.22 1.71 2.27 2.60

Table 2. Quantitative evaluation on recovered meshes of syn-
thetic datasets. We report the chamfer distance metric [11] on
g.t. mesh versus extracted meshes as a quantitative measure for
reconstructed geometry quality. NEMTO achieves better results
than baseline methods that models object surfaces.

G
.T

.
N

EM
TO

IOR: 1.4723IOR: 2.4 IOR: 1.2

Figure 5. Experiments on different transparent media. We
show that NEMTO works for different transparent media other
than glass. The learned ηt is adaptive to different media and al-
lows our model to synthesize faithful results.

each scene with an unseen environment map to test the cor-
rectness of the object refraction. PhySG fails on this task
as it does not model refractive material, resulting in incor-
rect appearance decomposition [7]. We report quantitative
evaluation w.r.t ground truth relighting in Tab. 3.

Disentanglement on Geometry and Appearance. We
evaluate our extracted geometry on synthetic datasets with
ground truth mesh through the Chamfer distance metric and
compare our geometry with those of surfaced-based meth-
ods. In Fig 4, the geometry of PhySG is entangled with
surface appearance, i.e. the appearance under the original
illumination is imprinted on the surface and raised geome-
try. Tab. 2 shows that IDR does better than PhySG, though
still worse than ours. Our geometry and refracted appear-
ance are better separated due to our modeling of ray refrac-
tion and optimizations.

Robustness to different refractive indices. We conducted
experiments on transparent objects rendered with various
IORs to showcase the robustness of our framework to IOR
changes. Our approach is suitable for different types of re-
fractive materials, as demonstrated in Fig. 5. Note that our
predicted ηt for the blending of ray refraction and reflection
is also adaptive to different IOR, as shown in the case for
IOR = 2.4, the reflected radiance is adequately brighter than
in IOR = 1.4723 and 1.2.

Novel View Relighting

Method PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
NeRF [26] 21.274 0.837 0.171 - - -
Eikonal [3] 15.866 0.452 0.589 - - -
IDR [44] 22.695 0.851 0.152 - - -
PhySG [45] 19.981 0.791 0.203 15.412 0.749 0.237

SDF-A 21.758 0.828 0.145 17.846 0.787 0.192
w/o Lrg 15.659 0.746 0.221 14.585 0.713 0.238
w/o Lrs 21.623 0.811 0.163 19.026 0.823 0.149
NEMTO 26.582 0.924 0.083 25.147 0.918 0.098

Table 3. Quantitative Evaluations. We present the average result
on all synthetic datasets. The first three methods are not capable of
relighting. Our method performs significantly better on both novel
view and relighting synthesis than all of our baseline methods and
ablation experiments.
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Figure 6. Qualitative ablation on SDF-A. SDF-A shows that
jointly optimizing refraction and geometry is prone to error. Our
approach performs significantly better than this naive approach.

Ground Truth (a) NEMTO (b) w/o (c) w/o
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Figure 7. Ablation on losses for ray refraction optimizations.
Each experiment is trained with a frozen geometry network to
demonstrate the effect of each loss term on ray bending.

4.2. Ablation Studies

We perform the following ablation studies to demon-
strate the effectiveness of Our RBN, Lrg, and Lrs.
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Input Dataset

NEMTOGround Truth Envmap Region

Figure 8. Qualitative results on novel view synthesis for real-
world captured data. We show the novel view synthesis of
NEMTO on our captured real-world dataset compared to ground
truth. The rightmost column displays chosen regions from the en-
vironment map as a reference for their corresponding refractions
in our synthesis.

Method PSNR ↑ SSIM ↑ LPIPS ↓
NStudio 24.67 0.79 0.23
NEMTO 27.34 0.85 0.17

Table 4. Quantitative comparison between NeRFStudio [34]
and NEMTO on novel view synthesis. We evaluate both meth-
ods on our captured cat dataset NEMTO renders better results due
to its better capture of refractions.

Ablation on ray bending network. We implemented a
naive version of our method SDF-A without using RBN.
It renders transparent objects with analytical refraction to
demonstrate the effectiveness of our RBN and neural envi-
ronment matting method over the use of a physically-based
differentiable renderer on transparent objects. As shown in
Fig. 6, our method synthesizes more accurate results when
jointly optimizing for geometry and light refraction, which
are better disentangled. This is evident from the smoother
surfaces of our method due to Lrs. NEMTO estimated
smoother surface normal than SDF-A, and gives much more
faithful ray refractions.

Ablation on Lrg and Lrs. For experiments on the refrac-
tion guiding and refraction smoothness loss, we fix the op-
timized geometry and only show different optimization re-
sults for refraction prediction. The lower part of Tab. 3
shows quantitative evaluation that our complete architec-

N
EM

TO
 R

elight
Original Envmap

Relight Envmap

Figure 9. Qualitative results on relighting synthesis for real-
world captured data. Our captured environment map is shown
in the top left. NEMTO can render visually-plausible relighted
transparent objects.

ture performs better than without each of these loss terms.
Fig. 7 compares the learned refraction from each ablation
experiment: in column (b) without Lrg, the model cannot
learn the correct direction; in column (c) without Lrs, the
optimized ray refraction is around the true scope but shows
wrong wave-patterned artifacts.

4.3. Real World Data Evaluation

Datasets. For real-world evaluation, we have two sets of
experiments. Firstly, we use 4 datasets of transparent ob-
jects with complex geometry (dog, monkey, pig, and mouse
shape) from TLG [23]. As TLG only provides 10-12 im-
ages for each object, we render training data using the pro-
vided ground truth CT-scanned meshes and environment
illuminations. Our evaluations are performed on their re-
leased real-world images. Details of all our dataset genera-
tion procedures can be found in the supplementary.

Additionally, we captured a real-world transparent object
with sufficient training images to assess the applicability of
NEMTO on real-world captured data. Details of our dataset
capture procedure are in the supplementary materials.

Qualitative results on the captured dataset. Fig. 8 and 9
show the rendered results from NEMTO trained on captured
real-world data. Despite the inaccuracy in real-world cam-
era poses and captured environment maps, NEMTO synthe-
sizes faithful and visually-plausible novel views and relight-
ing results. In Fig. 8, we select geometric regions that pro-
duce approximately two bounces of refraction and compare
synthesized refractions with the corresponding sections on
the Envmap. From these comparisons, we show that our
refraction synthesis is quite realistic.

Quantitative results on the captured dataset. To quan-
titatively evaluate the performance of NEMTO on the cap-

324





References
[1] Jonathan T Barron, Ben Mildenhall, Matthew Tancik, Peter

Hedman, Ricardo Martin-Brualla, and Pratul P Srinivasan.
Mip-nerf: A multiscale representation for anti-aliasing neu-
ral radiance fields. In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision, pages 5855–5864,
2021. 9

[2] Jonathan T. Barron, Ben Mildenhall, Dor Verbin, Pratul P.
Srinivasan, and Peter Hedman. Mip-nerf 360: Unbounded
anti-aliased neural radiance fields. CVPR, 2022. 9

[3] Mojtaba Bemana, Karol Myszkowski, Jeppe Revall Frisvad,
Hans-Peter Seidel, and Tobias Ritschel. Eikonal fields for
refractive novel-view synthesis. In Special Interest Group on
Computer Graphics and Interactive Techniques Conference
Proceedings, pages 1–9, 2022. 1, 2, 3, 5, 6, 7

[4] Sai Bi, Zexiang Xu, Pratul Srinivasan, Ben Mildenhall,
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