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Abstract

Dynamic Neural Radiance Field (NeRF) is a powerful
algorithm capable of rendering photo-realistic novel view
images from a monocular RGB video of a dynamic scene.
Although it warps moving points across frames from the
observation spaces to a common canonical space for ren-
dering, dynamic NeRF does not model the change of the
reflected color during the warping. As a result, this ap-
proach often fails drastically on challenging specular ob-
jects in motion. We address this limitation by reformulat-
ing the neural radiance field function to be conditioned on
surface position and orientation in the observation space.
This allows the specular surface at different poses to keep
the different reflected colors when mapped to the common
canonical space. Additionally, we add the mask of moving
objects to guide the deformation field. As the specular sur-
face changes color during motion, the mask mitigates the
problem of failure to find temporal correspondences with
only RGB supervision. We evaluate our model based on the
novel view synthesis quality with a self-collected dataset of
different moving specular objects in realistic environments.
The experimental results demonstrate that our method sig-
nificantly improves the reconstruction quality of moving
specular objects from monocular RGB videos compared to
the existing NeRF models. Our code and data are available
at the project website 1.

1. Introduction

Neural Radiance Fields (NeRF) [25] trained with multi-
view images can synthesize novel views for 3D scenes with
photo-realistic quality. NeRF predicts the volume density
and view dependent color of the sampled spatial points
in the scene with a multi-layer perceptron (MLP). Recent
works such as Nerfies [32] and NSFF [22] extend NeRF to
reconstruct dynamic scenes from monocular videos. They
resolve the lack of multi-view image supervision in dy-
namic scenes using a deformation field, which warps dif-

1https://github.com/JokerYan/NeRF-DS

HyperNeRF NeRF-DS (ours)

Figure 1. Comparison of novel views rendered by HyperN-
eRF [33] (left) and our NeRF-DS (right), on the “americano” scene
in the HyperNeRF dataset [33]2(top) and the “basin” scene in our
dynamic specular dataset (bottom). Our NeRF-DS model signifi-
cantly improves the reconstruction quality by a surface-aware dy-
namic NeRF and a mask guided deformation field.

ferent observation spaces to a common canonical space.
Despite showing promising results, we find that the ex-

isting dynamic NeRFs do not consider specular reflections
during warping and often fail drastically on challenging dy-
namic specular objects as shown in Fig. 1. The quality
of dynamic specular object reconstruction is important be-
cause specular (e.g. metallic, plastic) surfaces are common
in our daily environment and furthermore it indicates how
accurate a dynamic NeRF represents the radiance field un-
der motion or deformation. Previous works such as Ref-
NeRF [50] and NeRV [45] have only focused on improving
the specular reconstruction in static scenes. The problem of
reconstructing dynamic specular objects with NeRF remain
largely unexplored.

We postulate that one of the reasons for dynamic models
to fail on moving specular objects is because they do not

2The rendered frames come from the first 3 seconds of the “americano”
scene when the cup is rotating. This part of the video is not included in the
HyperNeRF [33] qualitative results.
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consider the original surface information when rendering in
a common canonical space. As suggested in rendering mod-
els such as Phong shading [34], the specular color depends
on the relative position and orientation of the surface with
respect to the reflected environment. Nonetheless, existing
dynamic NeRFs often ignore the original position and ori-
entation of the surface when warping a specular object to
a common canonical space for rendering. As the result, a
point on a specular object reflecting different colors at dif-
ferent positions and orientations can cause conflicts when
warped to a common canonical space. Additionally, the key
of existing dynamic models is to learn a deformation field
for each frame such that correspondences can be established
in a shared canonical space. However, the color of specular
objects can vary significantly at different locations and ori-
entations, which makes it hard to establish correspondences
with the RGB supervision alone. These two limitations in-
evitably lead to the failure of existing dynamic models when
applied to specular objects.

In this paper, we introduce NeRF-DS (Fig. 2) which
models dynamic specular objects using a surface-aware dy-
namic NeRF and a mask guided deformation field to miti-
gate the two limitations mentioned above. 1) Our NeRF-DS
still warps the points from the observation space to a com-
mon canonical space and predicts their volume density. In
contrast to other dynamic NeRFs, the color of each point is
additionally conditioned on the spatial coordinate and sur-
face normal in the observation space before warping. Cor-
responding points from different frames can share the same
geometry, but reflect different colors determined by their
original surface position and orientation. 2) Our NeRF-DS
reuses the moving object mask from the camera registra-
tion stage as an additional input to the deformation field.
This mask is a more consistent guidance for specular sur-
faces in motion compared to the constantly changing color.
The mask is also a strong cue to the deformation field on
the moving and static regions. As shown in Fig. 1, our pro-
posed NeRF-DS reconstructs and renders dynamic specular
scenes with significantly higher quality.

We implement our NeRF-DS on top of the
state-of-the-art HyperNeRF [33] for dyanmic scenes.
Since there are very limited dynamic specular objects in
the existing datasets, we collect another dynamic specular
dataset for evaluation. Our dataset consists of a variety
of moving/deforming specular objects in realistic environ-
ments. Experimental results on the dataset demonstrate that
the NeRF-DS significantly improves the quality of novel
view rendering on dynamic specular objects. The images
rendered by our NeRF-DS avoid many serious artifacts
compared to the existing NeRF models.

In summary, we have made the following contributions:

1. A reparameterized dynamic NeRF that models dy-
namic specular surface with additional observation

space coordinate and surface normal.

2. A mask guided deformation field that improves defor-
mation learned for dynamic specular objects.

3. A dynamic specular scene dataset with training and
testing monocular videos.

2. Related Work
Neural Scene Representation and Rendering. The suc-
cess of deep learning has led many works to explore suitable
neural representations for 3D scene reconstruction and ren-
dering. Explicit neural representations include point clouds
[11,54], meshes [1], and voxels [13,48]. Recent works have
also explored various implicit neural representations of 3D
scenes. Level set based representations map spatial coordi-
nates to a signed distance function (SDF) [18,31,55] or oc-
cupancy fields [24]. These methods usually focus on the ge-
ometry reconstruction of the scene and requires additional
neural representation of the texture [29] to render the scene.

An alternative implicit neural representation is the neural
radiance field (NeRF) [2, 25, 43]. NeRF directly represents
the scene as a function that maps spatial coordinates and
viewing angles to local point radiance. A differentiable vol-
umetric rendering [20, 25] is performed to generate novel
view images of the scene. NeRF can achieve photo-realistic
novel view synthesis with only RGB supervision and known
camera poses. Many extensions of NeRF are proposed, e.g.
acceleration [40, 51], scene scale [2, 47], dynamic scenes
[22, 33, 49] and specular surface rendering [50].

Dynamic Scene Reconstruction. Dynamic scenes have
objects moving in the foreground, objects undergoing de-
formation, or both. A simple reconstruction approach is to
segment moving foreground and static background to re-
construct separately [53]. This method assumes the fore-
ground is under rigid motion and cannot handle non-rigid
deformation of the foreground object itself. A more general
approach is to predict a canonical space and a temporal de-
formation field [7,23,26,28,56]. Many of these approaches
require RGBD input [26,56] or multiple camera inputs [23]
to resolve the ambiguity in reconstructing moving objects.

Recent works [32,33,35,49] based on the neural radiance
field (NeRF) representation can jointly solve for canoni-
cal space and deformation field of dynamic scenes with
only monocular RGB supervision. The canonical space in
these works is usually a template NeRF as in static scenes,
with the exception of HyperNeRF [33] which has additional
hyper-coordinate input to model hyper canonical space. An-
other main difference among the existing dynamic NeRF
models is the formulation of deformation field as a transla-
tion field [23, 35, 49] or a special euclidean (SE(3)) field
[32, 33]. Since NeRF is a coordinate based representa-
tion of the scene, the existing dynamic NeRFs mostly focus
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Figure 2. An overview of our NeRF-DS. We predict a 3D mask M of the moving objects from observation space coordinate x and time
embedding ϕt. Together with x and ϕt, the mask is used to guide the prediction of deformation field and hyper-coordinate (blue arrows).
The canonical NeRF model takes in the canonical space coordinate x′ the hyper-coordinate w to predict volume density σ and canonical
surface normal n′. The rotated surface normal n and coordinate x in observation space, together with the viewing direction ωo are fed to
the color branch (purple arrows) to predict color. Color and mask are supervised using the 2D ground truth after volumetric rendering, and
surface normal is supervised by negative gradient of the volume density.

on warping spatial coordinates with the deformation field.
They do not consider the changes to the object surface ex-
plicitly during the warping.

Specular Surface Rendering. Rendering photorealistic
images of specular or reflective surfaces is one of the most
difficult problems in computer graphics. It usually re-
quires the global illumination to be considered, traditionally
achieved by expensive algorithms such as radiosity [9, 14],
ray tracing [16,36] or photon mapping [17]. To speed up the
rendering, a technique called precomputed radiance trans-
fer (PRT) [44] is often used to precompute the lighting ba-
sis function in an environment map offline and rapidly sum
them up during the online rendering phrase. For specular
surfaces, the precomputation can be achieved by represent-
ing the reflection in spherical harmonics [3, 38, 39].

In neural representations like NeRF, most works focus-
ing on specular surface rendering follow the idea of precom-
putation. The reflection environment map can be consid-
ered “precomputed” for each spatial point during the train-
ing. Some of the works based on the vanilla volumetric
NeRF approximate the surface information needed for pre-
computation from volume density [6, 46, 50] or direct pre-
diction [4, 21, 59]. Other works [30, 55, 57] based on the
signed distance function approximate the surface informa-
tion from the signed distance. NeRFReN [15] splits the ra-
diance transmitted and reflected components with a mask
to render large flat reflective surfaces. Ref-NeRF [50] pro-
poses surface normal smoothing using MLP and directional
encoding to further improve the performance. However, all

the existing works in NeRF focusing on specular objects
only consider static scenes instead of dynamic scenes.

3. Dynamic NeRF Preliminaries
NeRF [25] is a volumetric representation F : (x, ωo) →

(σ, c)3 of the scene. A multilayer-perceptron (MLP) is used
to map the spatial position x to a volume density σ(x) and
bottleneck output b(x). Another MLP head takes in bot-
tleneck b(x) and viewing direction (or outgoing radiance
direction) ωo to predict the color c(x, ωo) at the point:

c(x, ωo) = F (x, ωo). (1)

To render an image of the scene, N samples xi =
o − kiωo are taken on each pixel ray r from camera cen-
ter o. The color of the pixel C(r) is the weighted sum of
the colors at these sampled points, weighted by the product
of accumulated transmittance αi based on step size δi and
local volume density along the ray:

αi = exp(−
∑i−1

j=1 σiδi), wi = αi(1− exp(−σiδi)),(2a)

C(r) =
∑N

i=1 wi · ci. (2b)

Dynamic NeRF [32,33,35,49] reconstructs 3D dynamic
scenes from monocular RGB camera footage. Since objects
in a dynamic scene may be moving or deforming over time,

3For simplicity in representations, we omit the σ output of F in the
equations below unless otherwise specified.
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only one frame is available for each moment of the scene. It
is difficult to reconstruct the 3D structure of the scene with-
out strict multi-view images. Consequently, most dynamic
NeRFs transform the scene from an observation space at
time t to a common canonical space using a deformation
field T : x → x′. Leveraging this common canonical space,
images from different time and views can be used to recon-
struct the scene with a static NeRF model F (x′, ωo):

c(x, ωo, t) = F (T (x, t), ωo) = F (x′, ωo). (3)

In practice, the sampled observation space coordinate x
and the time embedding ϕt are fed into a deformation field
prediction MLP to predict the canonical space coordinate
x′. HyperNeRF [33] additionally predicts a hyper canon-
ical coordinate w from x and ϕt using another MLP. The
canonical coordinates x′ and w are supplied to the canoni-
cal NeRF MLP to predict the volume density σ. A color pre-
diction head of the canonical NeRF MLP takes in viewing
direction ωo and outputs the color c. The existing dynamic
NeRFs F (x′, ωo) are under-parameterized when rendering
dynamic specular objects. Particularly, the color should also
depend on the observation space surface normal n and po-
sition x. To this end, we propose to expand the model as
F (x′, ωo,x,n). Refer to Sec. 4.1 for more details.

4. Our Method: NeRF-DS
Fig. 2 shows an illustration of our NeRF-DS which ad-

dresses the shortcomings of dynamic NeRFs for modeling
the dynamic specular objects. Our NeRF-DS (on top of
HyperNeRF [33]) includes a canonical NeRF conditioned
on additional observation space position x and orientation
n to predict the correct reflected color in the observation
space (cf . Sec. 4.1). x is obtained from ray samples and
added with annealed positional encoding. n is obtained
from warping the surface normal n′ predicted in the canon-
ical space. To better learn the correspondence and defor-
mation field of specular surfaces, the deformation field and
hyper coordinate prediction are guided with a mask M of
the moving objects (cf . Sec. 4.2). M is predicted by a mask
prediction MLP and supervised by the 2D ground truth.

4.1. Surface-Aware Dynamic NeRF

In computer graphics, the rendering of specular surfaces
is usually based on the rendering equation [19, 37]:

Lo(x, ωo) = Le(x, ωo)+

∫
Ω

ρ(x, ωi, ωo)Li(x, ωi)(ωi·n)dωi,

(4)
where Lo(x, ωo) is the outgoing radiance. The variables
x, ωi, ωo and n represents the spatial coordinates, incident
angle, outgoing angle, and surface normal, respectively.
The first term Le(x, ωo) represents the emission light when

Environment

𝐱𝟏 𝐱𝟐

𝐧 𝐧

𝛚𝐨 𝛚𝐢 𝛚𝐨 𝛚𝐢

𝑡1 𝑡2
Translation

Figure 3. Existing dynamic NeRFs warp the translated points x1

and x2 to the same point in the canonical space, i.e. T(x1, t1) =
T(x2, t2) = x′. As shown in the figure, the NeRF model
F (x′, ωo) mistakenly renders them as the same color (assuming
the same appearance code) instead of reflecting different colors.

Environment
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𝐧𝟏
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Figure 4. Existing dynamic NeRFs ignore the direction of surface
normal. As shown in the figure, the NeRF model F (x′, ωo) mis-
takenly renders the point x before and after the rotation as the same
color (assuming the same appearance code) instead of reflecting to
different colors.

the target object is a light source. The second term is a re-
flection component which integrates the outgoing reflected
radiance of all incoming radiance ωi over the upper hemi-
sphere Ω based on the BRDF ρ [27] and the environment
map Li [10].

In NeRF models, the color of radiance Lo(x, ωo) is rep-
resented implicitly instead of integrated from all the re-
flected radiance explicitly. We can then simplify the reflec-
tion component to a function Lr(x, ωo,n) and the rendering
equation becomes:

Lo(x, ωo) = Le(x, ωo) + Lr(x, ωo,n). (5)

Under the assumption of no self-reflection, the reflected col-
ors are all from the light source or objects in the static en-
vironment. The spatial coordinate x, viewing direction ωo

and surface normal n in Eq. (5) are expressed in the obser-
vation space.

In static scenes, the surfaces of the object do not move
and therefore there is no difference between the observation
and canonical spaces. As a result, the surface normal n can
also be expressed as a function of x denoted by N(x), and
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hence the rendering equation simplifies to:

Lo(x, ωo) = Le(x, ωo) + Lr(x, ωo, N(x)) = F (x, ωo).
(6)

In dynamic NeRFs, moving objects are first mapped
from the observation spaces to a common canonical space
to render. The points at the same canonical space position
x′ and viewing direction ωo are rendered the same color us-
ing NeRF MLP F (x′, ωo). However, as described in the
rendering equation from Eq. (5), the color of the specular
surface also depends on the observation space position x
and surface normal n. Points with the same x′ and ωo, but
different x and n might reflect different colors. The exist-
ing dynamic NeRF in the form of F : (x′, ωo) → (σ, c) be-
comes an under-parameterized function in this case. Fig. 3
and 4 illustrate two simple scenarios where the existing dy-
namic NeRF formulation fails on specular surfaces.

We introduce a surface-aware dynamic NeRF fol-
lowing Eq. (5) to address the problem of under-
parameterization in dynamic NeRFs. Surface information
from the observation space is given to the canonical NeRF
model to render the specular surface color. Specifically, we
add the observation space coordinate x and surface normal
n to the input of the NeRF color prediction branch (pur-
ple in Fig. 2) while keeping the volume density prediction
branch unchanged. The modified NeRF function can then
be expressed as:

Lo(x, ωo) = Le(x, ωo) + Lr(x, ωo,n) = F (x′, ωo,x,n),
(7a)

F : (x′, ωo,x,n) → (σ(x′), c(x′, ωo,x,n)). (7b)

To prevent the model from directly rendering in the
observation space and thus ignoring the shared canonical
space, we follow [32] to input the observation space coor-
dinate x with annealed position encoding γτ (x):

zj(τ) =
1− cos(π · clamp(τ − j, 0, 1))

2
, (8a)

γτ (x) = (· · · , zk(τ)sin(2kπx), zk(τ)cos(2kπx), · · · ).
(8b)

The value of τ is initialized as 0 and slowly increased during
training, so that x is completely cut off from the model in
the early training stage.

Unfortunately, the surface normal n cannot be directly
extracted from volumetric models such as NeRF. To cir-
cumvent this problem, we first estimate the canonical space
surface normal n̄′ with the negative gradient of volume
density σ with respect to the canonical space coordinate
x [5, 45, 50]:

n̄′ = − ∇σ(x′)

∥∇σ(x′)∥
. (9)

Figure 5. Surface normal in observation space, warped from the
predicted canonical surface normal. The RGB values represent the
xyz components in the normalized surface norm vector.

Nonetheless, the first order derivative of the volume density
σ is noisy without direct supervision. We thus use the esti-
mated n̄′ to supervise a smoother predicted surface normal
n′ from the NeRF MLP and penalize any backward facing
normal as in [50], i.e.:

Lnorm =
∑

i wi∥n′ − n̄′∥2, (10a)
Lbackward =

∑
i wi ·max(0,n′ · −ωo). (10b)

We use 3D special Euclidean group (SE(3)) T(x) = [R |
t]x as our deformation field from the observation space to
the canonical space. Finally, we can revert the canonical
space surface normal n′ back to observation space surface
normal n using:

n = R⊤n′. (11)

Predicting and then warping the surface normal in canoni-
cal space ensures the surface normal consistency over time.
The surface normals n1 and n2 of two corresponding points
at time t1 and t2 are related by n1 = R⊤

1 R2n2. An example
of final surface normal is illustrated in Fig. 5.

4.2. Mask Guided Deformation Field

Most non-specular objects do not change color drasti-
cally when moving. However, the color of specular objects
can change significantly at different positions and orienta-
tions as shown in Eq. (5). The deformation of dynamic
NeRFs is learned from RGB supervision only. Point corre-
spondence can hardly be established if the color of the same
point varies too much. As a result, the model often fails to
learn the deformation field completely as shown in Fig. 6

To mitigate this issue, we introduce a mask guided de-
formation field using a 2D mask of the moving objects.
Unlike the drastically changing color of specular surfaces,
this mask remains consistent during the object motion. It
provides meaningful guidance toward the deformation field
prediction for specular surfaces. Additionally, the mask
gives a strong cue to the deformation prediction network
on the deforming regions.

We thus add a mask prediction network G : x → M that
predicts the mask value at each 3D point in the observation
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Test View RGB
Deformation Field

NeRF-DS with Mask
Deformation Field

NeRF-DS w/o Mask
Moving Object Mask

Figure 6. A comparison between deformation fields learned with
and without mask as input, where the RGB values represent the
xyz components in the normalized deformation vector. The defor-
mation field learnt with masks well differentiates the moving fore-
ground and the static background. The deformation field learnt
without masks fails to capture the foreground motion completely.

space. The predicted mask M is fed to the deformation field
and hyper-coordinate prediction networks (blue in Fig. 2).
The predicted 3D mask is supervised by the 2D mask M̄ in
training views using volumetric rendering:

Lmask = ∥(
N∑
i=1

wi ·M)− M̄∥2. (12)

The mask prediction has more ambiguity than color predic-
tion as the 2D mask is in binary values. We encourage the
3D mask to be predicted near the object surface by using
sharper weights w′

i instead of wi. It is calculated by ap-
plying a Gaussian multiplier to weights wi for each sample
xi = o + kiωo. The Gaussian N is centered at the max-
imum weights position kmax and has a decreasing standard
deviation β during the training:

w∗
i = wi · P (ki|N (kmax, β)), w

′
i = w∗

i /(
∑
j

w∗
j ). (13)

As shown in Fig. 6, the mask guided deformation field re-
sults in a more meaningful deformation field predicted.

We note that this mask is already required by most dy-
namic NeRF during the camera pose registration [22, 32,
33]. Moving foreground features must be masked out in
structure-from-motion algorithms for correct registrations,
thus we are not introducing additional input to the pipeline.
Pose estimated without this mask can have significantly
lower accuracy, especially when the moving part is large
on the images. For example, camera poses estimated on our
”basin” scene without masks are 31.7% deviated from the
original poses after Procrustes alignment. HyperNeRF [33]
trained on those poses performs 6.9% worse in PSNR and
82.7% worse in LPIPS.

5. Experiments
5.1. Dynamic Specular Dataset

Existing dynamic NeRF datasets, e.g. the scenes used
in [22, 23, 32, 33] include almost no moving specular ob-
jects. We thus collect a new dynamic specular dataset for
evaluation. Our dataset consists of 8 scenes in everyday
environments with various types of moving or deforming
specular objects. Each scene contains two videos captured
by two forward-facing cameras rigidly mounted together,
similar to the setup in [32]. The footage from one camera is
used for training, and the other one is used for testing. This
is different from the alternating training and testing cam-
eras used in [32], which causes the “unrealistic teleporting
camera” problem mentioned in [12]. Each video contains
∼ 500 frames. The camera registration is performed using
COLMAP [41, 42] after applying a mask generated from
MiVOS [8]. This is the same mask used for mask prediction
supervision in our mask guided deformation field module.
See our supplementary for more details of the dataset.

5.2. Experimental Setups

We evaluate the performance of our model based on
the novel view synthesis quality on the dynamic specular
dataset mentioned above. The video frames of one cam-
era are used for training, and the model generates the novel
view images at the pose of the other camera. The generated
images are compared with the ground truth test view images
to calculate the following quantitative metrics: MS-SSIM
[52], PSNR, LPIPS [58] as in previous works [22, 33, 45].
The average score across all the frames are reported.

We compare our model with the baseline models of Hy-
perNeRF [33], Nerfies [32] and Ref-NeRF [50]. Hyper-
NeRF achieves the state-of-the-art dynamic NeRF perfor-
mance by introducing hyper-coordinates. Nerfies is a repre-
sentative dynamic NeRF model with a standard canonical +
deformation setup and outperforms many other models with
similar designs. Ref-NeRF achieves the state-of-the-art re-
construction quality of static specular surfaces. These three
baseline models well represent the SOTA performance of
dynamic and specular scene reconstruction with NeRF.

Our implementation of NeRF-DS is based on HyperN-
eRF. The new mask prediction network is a 6-layer MLP
with a width of 64. The final output of the mask predic-
tion undergoes a ReLU activation. All baseline models and
our models are trained following the respective official con-
figuration for 250k iterations. All training and rendering are
performed in 480x270 resolution. More implementation de-
tails and experiment setup are in our supplementary.

5.3. Evaluation Results

In this section, we present the quantitative and qualita-
tive results of our method compared to the baselines and the
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Figure 7. Qualitative comparisons between our NeRF-DS and the baselines on our dynamic specular dataset. Our NeRF-DS reduces the
severe tear-up and blurry artifacts significantly compared to the baselines.

ablation models. A few videos of the rendered sequences
are included in the supplementary.

Qualitative Results. We present the qualitative results of
novel view synthesis in Fig. 7. The HyperNeRF and Nerfies
models tend to reconstruct dynamic specular objects with
severe geometric artifacts. The rendered objects are blurry
or torn apart along the moving trajectory. This can be at-
tributed to two reasons. 1) The model struggles to capture
the specular color without any observation space surface
normal and location information. 2) The color of the specu-
lar object at the same point varies a lot, which makes it hard

for the existing dynamic NeRF to learn a meaningful trans-
formation field. This causes the sample points to warp to the
wrong locations and resulting in the “torn-up” effect. Ref-
NeRF also produces very blurry or torn-up results on dy-
namic specular objects. This is because Ref-NeRF assumes
the scene to be static for all video frames. Since the ob-
ject is actually moving, direct triangulation without warping
would fail and thus leading to wrong prediction of the object
geometry. Our NeRF-DS renders dynamic specular scenes
with much fewer geometric artifacts. The reflected color
on the specular surfaces is also relatively accurate. With
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Mean Bell Plate Sheet

MS-SSIM↑ PSNR↑ LPIPS↓ MS-
SSIM↑ PSNR↑ LPIPS↓ MS-

SSIM↑ PSNR↑ LPIPS↓ MS-
SSIM↑ PSNR↑ LPIPS↓

Ref-NeRF [50] .640 19.2 .354 .564 18.5 .420 .513 15.3 .464 .673 21.1 .296
Nerfies [32] .689 19.7 .381 .696 19.9 .389 .489 15.4 .599 .834 23.6 .183
HyperNeRF [33] .849 22.7 .192 .884 24.0 .159 .714 18.1 .359 .874 24.3 .148
NeRF-DS (Ours) .890 23.4 .135 .872 23.3 .134 .867 20.8 .164 .918 25.7 .115
NeRF-DS w/o Surface .881 23.3 .142 .867 23.2 .141 .861 20.8 .171 .905 25.2 .124
NeRF-DS w/o Mask .881 23.3 .153 .887 23.9 .138 .855 20.5 .196 .887 24.7 .141

Sieve Basin Cup Press 2 Cups
MS-
SSIM↑ PSNR↑ LPIPS↓ MS-

SSIM↑ PSNR↑ LPIPS↓ MS-
SSIM↑ PSNR↑ LPIPS↓ MS-

SSIM↑ PSNR↑ LPIPS↓ MS-
SSIM↑ PSNR↑ LPIPS↓

Ref-NeRF [50] .815 22.1 .220 .643 18.0 .319 .705 20.5 .318 .679 21.3 .341 .527 16.5 .454
Nerfies [32] .823 21.8 .232 .635 18.1 .368 .750 20.7 .293 .720 21.3 .377 .563 17.1 .605
HyperNeRF [33] .909 25.0 .129 .829 20.2 .168 .896 24.1 .138 .873 25.4 .164 .809 20.1 .272
NeRF-DS (Ours) .935 26.1 .108 .868 20.3 .127 .916 24.5 .118 .911 26.4 .123 .836 20.4 .193
NeRF-DS w/o Surface .935 26.2 .107 .868 20.3 .128 .918 24.6 .117 .886 25.8 .140 .810 20.3 .211
NeRF-DS w/o Mask .928 26.0 .112 .835 20.1 .149 .912 24.4 .122 .894 26.1 .142 .849 20.9 .220

Table 1. Quantitative comparisons between our NeRF-DS against the baselines and ablations of our model. The best and second best
results for each scene are color coded. “NeRF-DS w/o Surface” is our model without the surface-aware dynamic NeRF module. “NeRF-DS
w/o Mask” is our model without the mask guided defromation field module.

the surface aware dynamic NeRF, the same canonical posi-
tion is allowed to be mapped to different observation space
positions reflecting different colors. The mask of moving
objects guides the points in the observation space to learn
the correct deformation mapping to the canonical space. As
a result, the scene reconstructed by NeRF-DS is free from
the “torn-up” effect present in other dynamic NeRFs. The
reflected color is also more accurately controlled by the po-
sition and orientation of the surface.

Quantitative Results. We report the quantitative results
in Tab. 1. Note that LPIPS is taken to be a better mea-
sure of the construction quality compared to MS-SSIM and
PSNR in previous works [32, 33]. During our qualitative
evaluation, we also observe that MS-SSIM and PSNR are
sometimes not affected significantly by blurry predictions.
As shown in Tab. 1, our NeRF-DS outperforms all base-
line models by a significant margin evaluated with LPIPS.
NeRF-DS also has better MS-SSIM and PSNR scores in
most scenes and the overall average.

Ablation Study. We evaluate the contributions of the two
proposed components of our model: the surface-aware dy-
namic NeRF, and the mask guided deformation field by re-
moving each of them at a time. The models without sur-
face information and without masks are denoted as “NeRF-
DS w/o Surface” and “NeRF-DS w/o Mask”, respectively.
We report the quantitative comparisons in Tab. 1, and the
qualitative comparisons in the supplementary. The results
suggest that the performance drops when either component
is removed, which verify the contribution of each compo-
nent. Additionally, the superior performance of both abla-
tion models compared to baselines further supports the ef-
fectiveness of our proposed methods.

6. Limitations

Although NeRF-DS significantly improves the recon-
struction quality of dynamic specular objects, it relies on
accurate surface normal predictions. Unfortunately, we
have observed that the geometry of the surface predicted by
NeRF can be misled by the reflected texture. The predicted
surface normal takes the shape of the reflected textures in-
stead of the surface geometry. This problem is more severe
in dynamic specular scenes than in static specular scenes
due to the lack of strict geometry constraints. We leave the
exploration of surface priors or more constrained deforma-
tion models to our future work.

7. Conclusion

Our proposed NeRF-DS extends the prior dynamic
NeRF to reconstruct and render dynamic specular scenes
more accurately. We introduce surface-aware dynamic
NeRF to address the under-parameterization problem of
rendering specular surfaces in the canonical space. We fur-
ther design a mask guided deformation field to learn better
correspondence under constant color changes. Both com-
ponents are essential to model reflected colors during the
warping to the canonical space. Our NeRF-DS achieves a
better novel view synthesis quality compared to the prior
dynamic and reflective NeRFs on dynamic specular scenes.
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