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Abstract

Representing and synthesizing novel views in real-world
dynamic scenes from casual monocular videos is a long-
standing problem. Existing solutions typically approach dy-
namic scenes by applying geometry techniques or utilizing
temporal information between several adjacent frames with-
out considering the underlying background distribution in the
entire scene or the transmittance over the ray dimension, lim-
iting their performance on static and occlusion areas. Our
approach backdrop-driven neural radiance fields offers high-
quality view synthesis and a 3D solution to detach the back-
ground from the entire dynamic scene, which is called De-
tRF. Specifically, it employs a neural representation to cap-
ture the scene distribution in the static background and a 6D-
input NeRF to represent dynamic objects, respectively. Each
ray sample is given an additional occlusion weight to indicate
the transmittance lying in the static and dynamic components.
We evaluate DetRF on public dynamic scenes and our urban
driving scenes acquired from an autonomous-driving dataset.
Extensive experiments demonstrate that our approach outper-
forms previous methods in rendering texture details and mo-
tion areas while also producing a clean static background.
Our code will be available soon.

Introduction

Novel view synthesis (Avidan and Shashua 1997) from dy-
namic scenes aims to generate photorealistic views at arbi-
trary viewpoints and any time step with given images from
one or more cameras as input. It provides the possibility
to generate free-view rendering using finite-view input and
brings a lifelike representation. This can have vast and var-
ied applications, e.g. switching views in cinematic/games
special effects (Tewari et al. 2020), rendering visuals in
AR/VR world (Cai et al. 2022; Li et al. 2022a), assisting
camera imaging (Mildenhall et al. 2022), and enabling inter-
active exploration in robot/autonomous-driving perception
and navigation (Li, Li, and Zhu 2023).

In essence, novel view synthesis of dynamic scenes is
an extension of representing static 3D scenes from discrete
2D images, which is highly ill-posed (Ivanov, Vasin, and
Tanana 2013) since there are infinite solutions that can ren-
der the input video appropriately while only a single 2D
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Figure 1: Our method takes a casual monocular video clip
captured from real-world dynamic scenes as input and gen-
erates a static representation driven by the underlying back-
drop code and a dynamic representation. The target novel
view rendering can be obtained by blending them with oc-
clusion weight.

Static Novel view

Dynamic

image observation is available at each view. Compared to
static scenes (Kar, Hne, and Malik 2017; Niemeyer et al.
2019), dynamic novel view synthesis is more challenging
since approaches for dynamic scenes need to capture spatial-
temporal information using a 6D plenoptic representation
I(t) = ®(x,d,t;0) : R® x R? x R — R?), and the oc-
clusion between different objects might also be tricky.
Traditionally, novel view synthesis in real-world dynamic
scenes (Yoon et al. 2020; Lei, Xing, and Chen 2020; Luo
et al. 2020; Oswald, Stiihmer, and Cremers 2014) requires
images from multiple camera views to estimate the geom-
etry and occlusion of the entire scene. However, capturing
such multi-view inputs is laborious and expensive. Neural
Radiance Fields (NeRF) (Mildenhall et al. 2020) offers a
new circumvention to this problem when just given monoc-
ular views. Rather than explicit shape representation, NeRF
encodes 3D location and viewing angle to color and den-
sity using a neural network and generates arbitrary novel
views through volume rendering. Recent NeRF-based meth-
ods (Park et al. 2021; Kundu et al. 2022; Jayasundara et al.



2023) show promising results. Using one or more NeRFs,
these methods can implicitly represent dynamic scenes for
novel view synthesis and time interpolation.

Several methods (Kundu et al. 2022; Jiang et al. 2022; Li
et al. 2022a; Tancik et al. 2022) use supervision networks
(e.g. semantic segmentation) to produce dynamic view syn-
thesis and can achieve editable results, but they are limited
to specific domains. Other methods (Gao et al. 2021; Park
et al. 2021; Li et al. 2021; Tretschk et al. 2021) focus on
adjacent temporal information in a finite number of frames
to capture time-dependent components, such as optical flow
and depth, while overlooking the underlying distribution ex-
isting in the entire video clip. For scenes containing a single
object, such as Lego and Fern (Mildenhall et al. 2020), the
2D scene projection on the camera plane will alter drasti-
cally with a switch in view angle. Unlike these scenes, real-
world locomotor scenes typically encompass dynamic ob-
jects against a predominantly static background. These static
backgrounds, such as blocks, buildings are distant from the
camera lens. When photographing these scenes from vari-
ous perspectives, the 2D projection on the camera plane will
be minimally disturbed by changes in viewpoint. This im-
plies that the bulk of similar projection pixels in a real-world
dynamic scene are shared by the static background across
multiple frames. Assuming that identical regions are the ob-
servations for each frame and follow the same scene repre-
sentation, then the camera projections from different angles
can be obtained with tiny shifts based on this representation.
Moreover, all previous approaches determine occlusion only
from RGB space by merging rendering color and neglect
transmittance weight existing on each ray sample, resulting
in a sub-optimal performance in occlusion areas between the
static backdrop and dynamic objects.

To tackle the aforementioned distribution representation
problem and provide occlusion weight over the ray dimen-
sion, we introduce DetRF, a novel method that captures
the latent code in the entire scene and adds transmittance
weight to each ray. It can generate high-quality novel views
at arbitrary viewpoints and any interpolation time steps for
view synthesis of real-world dynamic scenes, and applied
to general domains. Specifically, we extend NeRF to a par-
allel structure, as shown in Fig. 1. A background pipeline
presenting the underlying distribution and a 6D-input NeRF
generating time-varying fields are used to express static and
dynamic components, respectively. Then we weight trans-
mittance matrices on their rendering corresponding to each
ray to learn the occlusion relationship. To optimize the
pipeline effectively, we use multiple regularization losses
to drive training in different modules. We evaluate DetRF
on NVIDIA dynamic scenes (Yoon et al. 2020) and our ur-
ban driving scenes obtained from an autonomous-driving
dataset, Argoverse(Wilson et al. 2021). Our contributions
can be summarized as follows:

* To the best of our knowledge, we are the first to exploit
the underlying scene representation and produce trans-
mittance weight across each ray sample in order to depict
dynamic real-world scenes.

* We present a novel attention-based structure and an oc-
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clusion weight neural representation that offers a 3D pat-
tern for decoupling the clean static background from the
entire scene.

* Substantial quantitative and qualitative experiments sug-
gest that DetRF operates better than existing methods.
Additionally, an urban driving scenes dataset is built
for dynamic novel view synthesis. We will release this
dataset for research purpose.

Related Work
Novel View Synthesis

Novel view synthesis is to generate the geometry of scenes
from a set of limited views. Intuitively, we need to create
an explicit 3D representation of scene geometry, such as
point clouds or meshes (Debevec, Taylor, and Malik 1996;
Hedman et al. 2017; Snavely, Seitz, and Szeliski 2006),
and render novel views by transporting pixels among views
via this representation. There are many works that con-
centrate on using various graphic techniques, such as light
field (Mildenhall et al. 2019) and multi-plane based meth-
ods (Zhou et al. 2018; Tucker and Snavely 2020), to ob-
tain 3D representation. In addition, learning-based methods
(Chen and Zhang 2019; Trevithick and Yang 2020) attempt
to utilize neural networks to learn view interpolation to ob-
tain implicit representation. More recently, Neural Radiance
Fields (NeRF) (Mildenhall et al. 2020) have attained photo-
realistic synthesis performance and applied in many scenes
(Ma et al. 2023; Fang et al. 2023; Wang et al. 2024). NeRFw
(Martin-Brualla et al. 2021) is suitable for novel view syn-
thesis in outdoor scenes. Mip-NeRF (Barron et al. 2022)
enhances NeRF for unbounded scenes. And many methods
(Rematas et al. 2022; Zhang et al. 2024) put NeRF to large-
scale scenes. Nevertheless, these methods are only applica-
ble to static scenes, as a 6D-input of dynamic scenes will
lead to radiance ambiguity (Zhang et al. 2021).

Dynamic Scene Synthesis by Neural Rendering

Since the promising performance of neural radiance field,
many works consider extending NeRF as a spatial-temporal
representation to address view synthesis in dynamic scenes.
(Pumarola et al. 2021; Wu et al. 2022) consider time as an
additional input to handle single dynamic objects indoors.
(Li et al. 2021; Du et al. 2021; Yuan et al. 2021) model
the dynamic scene as a time-dependent continuous function
with scene flow. Gao et al. (Gao et al. 2021) introduce regu-
larization losses to encourage plausible reconstruction. Xian
et al. (Xian et al. 2021) employ video depth estimation to
supervise a space-time radiance field. Using a ray-blending
network, Tretschk et al. (Tretschk et al. 2021) model the oc-
clusion parts in dynamic scenes. TORF (Attal et al. 2021)
utilizes prior information from the time-of-flight camera to
enhance reconstruction quality. Park et al. (Park et al. 2021)
optimize an additional continuous volumetric deformation
field to capture dynamic humans. (Li et al. 2022a; Wang
et al. 2023; Kim et al. 2024; Attal et al. 2023) aim to rep-
resent scenes in multi-view videos effectively. Some meth-
ods (Yan, Li, and Lee 2023; Li et al. 2024) seek to im-
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Figure 2: Network pipeline of DetRF. Our approach trains two neural representations jointly: a backdrop-driven background
representation and a flow-predicting dynamic representation, producing RGB color C' and volume density o. A backdrop
encoder is constructed to learn the implicit distribution from the background. And an occlusion weight module is created to
generate transmittance weight. At ¢-th time instance, the final rendering result I, is made by mixing occlusion weight €2 and T~
with the outputs of two networks, as described in the physical process (bottom).

prove dynamic rendering speed and accuracy. These NeRF-
based approaches disregard the global distribution over all
frames. More recently, NeRF-based methods (Jiang et al.
2022; Kundu et al. 2022; Jayasundara et al. 2023; Liu et al.
2024; Song et al. 2023) have provided a more accurate rep-
resentation of dynamic scenes and achieved editable effects,
but they are limited to specific domains.

Method

In this section, we introduce the proposed Backdrop-Driven
Neural Radiance Fields for Detachable Novel Views Synthe-
sis of Dynamic Scenes, DetRF. As shown in Fig. 2, DetRF
consists of a background distribution driving module and a
6D-input NeRF. An occlusion weight module is designed
to decouple the dynamic and static components. We first
describe the background pipeline and the temporal-input
NeRF. Then the occlusion weight module will be discussed.
Lastly, we will explain a group of loss functions for optimiz-
ing the proposed network.

Backdrop Representation

We intend to represent the static background in terms of la-
tent distribution such that camera projections from differ-
ent views can be queried by small shifts based on this back-
ground representation. Assuming that the background obeys
P(z € RP|O), it can be formulated to:

(I)b : (X,d,Z) - (O'b,Cb)-

ey
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The latent code technique has already demonstrated effec-
tiveness (Van Den Oord et al. 2017; Park et al. 2021; Peng,
Zhang et al. 2021). To obtain the implicit distribution from
the static background, we construct a backdrop encoder, as
shown in Fig. 2. Then a latent code is sampled from the out-
put posterior z ~ Pg(z), with dimensions corresponding to
the number of rays sampled each time. The sample is uti-
lized to drive the rendering of the background component.
As we need to obtain the similarity between different views
and scene distribution, attention mechanisms (Vaswani et al.
2017; Dosovitskiy et al. 2020; Liu et al. 2021) is highly suit-
able for this task. We construct an attention-based structure
to exploit the latent variable, as shown in Fig. 3.

Specifically, we apply attention to embedded inputs with
querying sample z. By mapping embedded features and the
latent distribution sample into a low-dimensional space, at-
tention elements of 3D location Q;, K,and V can be de-
rived (see supplemental material). F denotes re-projecting
inputs to the original-dimension space and extending ele-
ments along the ray dimension with interleaving repetition.
Then the attention feature C; of 3D location can be inter-
preted as:

Cl = FT(Att(Ql)) + emb(x),
QK"

\/a)v'

Attention feature of view direction C4 can be calculated
in the same pattern as Eq. (2), with C; concatenated to the

where Att(Q;) = softmax ( 2)
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Figure 3: Attention block. We use the latent variable z sam-
pled from the background distribution as Key and Value,
and embedded 3D position and direction as Query. & de-
notes element-wise addition.

input. Then the volumetric density and RGB color will be
generated by subsequent networks o, = MLP(C;) and
= MLP(C,). Same to NeRF, the density part is solely de-

termined by the position x. The rendered RGB color Cb(r)
is denoted as:

where T'(s) = exp (— /:‘ ab(r(p),z)dp) . 3)

Motion Representation

We employ a dynamic NeRF to describe the time-varying
motion in real-world dynamic scenes. At i-th time instance,
we have:

d: (Xad7l) - (o'dvc(h]:(i)) (4)
The rendered color Cl(r) of the pixel corresponding to
i-th time step is an integral over the radiance weighted by

accumulated opacity 7T'(s) = exp ( f aq(r dp)

&P = [ T6oa el ealrs).divds

Dynamic NeRF also predicts scene flow in neighboring

time instance to the current time step, F*) = ( fw , fbw ).
Instead of rendering, this flow prediction is used to create
region masks and geometric constraints, as explained in the
loss section.

At each time step, only one observation view is available.
Consequently, generating the implicit representation of dy-
namic objects from a single video is an ill-posed problem. To
effectively optimize our dynamic NeRF and maximize the
usage of temporal information, we introduce multiple regu-
larization losses.

Occlusion Weight

Our background pipeline models the time-invariant compo-
nent, and our dynamic NeRF generates a per-time-step de-
formation field. To combine them at pixel-level (ray-level),
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here we introduce our occlusion weight module, which tar-
gets rendering transmittance weight between static and dy-
namic components.

L
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2 of observation frame I,

Figure 4: Transmittance on each ray. Each ray sample for
a ray at observation time step ¢ at location z, y is weighted
by transmittance €2 over the ray dimension.

As shown in Fig. 4, at i-th frame, we calculate the trans-
mittance Q, Qg € REXWXNo corresponding to each sam-
ple for each ray and the transmittance 7~ € R7*W 1 cor-
responding to each ray using the warped previous rendering
result I;,_1 concatenated as input:

Fw : (X,d,Iifl) — (Qb,ﬂch). (6)

Warped I,_; is concatenated to aid in learning the lo-
cation of motion pixels. We divide the transmittance weight
into two parts. {2 acts on the rendering process of two NeRFs
and leads the generation of each light point. 7 controls the
mixing of the dynamic and background rendering results.
Two different losses are designed to fit their respective op-
timization goals. The discrete integral formulation of ren-

dered color Cy(r) and Cg)(r) are weighted along the ray
dimension (see supplemental material), giving us the final
rendered pixel at time step ¢ for location x, y:

CO(r) =TENQMY Cy(r)
+ (1 - T ed (r)
Given the entire rays set R € R¥>*W the final rendering
image can be calculated from I'(z,y,4) = {C®(r)|r € R}.

Our experiments show that the occlusion weight helps de-
couple static and dynamic scene components.

(7

Loss

The lack of input views makes modeling time-dependent
scenes ill-posed and difficult to optimize. To this end, several
losses are designed to control pipeline training.

Reconstruction loss. To learn the implicit rep-
resentation from a N-frames input video clip
72 = {(x,d",I')|[i=1,...,N}, we apply a recon-
struction loss penalizing the difference between the target

"In practice, NeRF-based methods are constrained by GPU
memory space and therefore randomly sample Npng rays instead
of rendering all H x W rays for an image at each training itera-
tion.
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Figure 5: Comparison of novel view synthesis details. Our method shows a more effective way of recovering texture in both

static and motion regions.

video frame C()(r) and our yielding volume-rendered
image C (r):

N
Erec = Z Z
i=1reR
Transmittance loss. Our occlusion weight module miti-
gates the ambiguous problem in occluded components be-
tween frames by rendering transmittance weight, targeting at
predicting the overlay relationship for rendering results be-
tween the backdrop and dynamic foreground. Ideally, each
ray should be rendered from either dynamic or static parts,
hence the corresponding transmittance should be regularized
to 0 or 1. Ray samples need to exist initially, and this encour-
ages transmittance for each sample to be close to one:

2

CO(r) - cO() ®)

2

Ly=> ~TEVlog(~T"Y +¢)

reR

NP
(k k
+ 23 -+ -l

reR k=1

©))

Depth and optical flow serve as geometry supervision
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priors in many NeRF-based methods, aiding resolve mo-
tion—appearance ambiguity and accelerating convergence
(Deng et al. 2022; Xian et al. 2021; Li et al. 2021). Here we
use depth loss Lepm and flow consistence losses Leons, Liiow
for regularization, which will be discussed detailedly in
the supplemental material. With using A coefficients weight
each term, the overall loss can be interpreted as:

»Coverall :)\rec Acrec + )\depth»cdepth + )\cons»ccons

10
+ Aﬂowﬁﬂow + )\wﬁw ( )

Experiments
Datasets and Metrics

Urban driving scenes. To evaluate the performance in out-
door autonomous driving scenes, we built a dataset of real-
world street scenes captured from an autonomous-driving
collection Argoverse (Wilson et al. 2021). All scenes are
taken in urban street, using one of seven high-resolution sur-
rounded monocular cameras recorded at 30 Hz. Each gath-
ered video clip depicts an outdoor scene with vehicles or
people performing dynamic actions, spans 20-50 frames ,
and is scaled to a resolution of 436 x 272. As there is only
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(a) Entire Scene (b) NSFF (c) Gao et al. (d) Ours

Figure 6: Comparison on decoupling static background
from entire scenes. (a) shows the entire scene, (b-d) shows
the separation results of the static background from NSFF,
Gao et al., and ours. DetRF obtains an uncontaminated back-
ground in both RGB and depth space.

one monocular camera deployed, we carry out time interpo-
lation for evaluation in each scene. The recording frequency
is decreased to 15 Hz for training. For more information,
please refer to the supplementary material.

NVIDIA dynamic scenes. We then evaluate the dynamic
scenes from NVIDIA (Yoon et al. 2020), which comprise 4
scenes captured by a hand-held monocular moving camera
and 8 scenes captured by 12 stationary multi-view cameras
evenly distributed and manually synchronized. 7 multi-view
scenes are selected as our evaluation target for their correct
camera pose estimation. For each scene, 20 to 30 frames are
extracted from the source video for training. At each time
instance, just one of these cameras is utilized as input, and
other 11 camera views per time step are used for evaluation.
Selected clips are downsized to a resolution of 510 x 272.

Implementation Details

All experiments are carried out on 8 NVIDIA 3090
GPUs in the Pytorch framework. We use 48 threads
of Intel(R) Xeon(R) Platinum 8255C CPU @ 2.50GHz
to expedite data loading. The weight coefficients for
Lree, Laepths Leonss Laows, and Ly, are 1, 3e-2, 3e-2, le-
2, and Se-1, respectively. Adam optimizer (Kingma and Ba
2014) with 81 = 0.9, 82 = 0.999, and e=1e-8 is used with
learning rate of 3e-4. We generate Nyyq = 1024 rays ran-
domly in a batch for each training iteration, and we sample
N, = 128 ray points along each ray. We initially warm up
our occlusion weight module to get the right flow estimation
for 2e5 iterations supervised by truth flow estimated from
RAFT (Teed and Deng 2020). Thereafter, all losses are in-
volved to train another 5e5 iterations. To get truth depth, we
leverage the state-of-the-art monocular image depth estima-
tion method (Ranftl et al. 2020). The above estimation meth-
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(a) Entire Scene (b) Ours (c) w/o RW

Figure 7: Visual ablation on the occlusion weight module.
RW ensures proper separating capacity.

(b) Ours W/0 Laeptn () Ours w/o Liow

(a) Ours

Figure 8: Depth and flow regularization. Depth loss re-
duces the occurrence of ghosting artifacts. And flow loss
helps rendering motion areas accurately.

ods are the same as those used in (Li et al. 2021; Gao et al.
2021), in order to eliminate any unfair bias towards either
depth or flow. COLMAP SfM technique (Schonberger and
Frahm 2016) is applied to estimate the camera poses, scene
bounds, and camera params with the premise that intrinsics
and extrinsics are fixed.

Quantitative Evaluation

To quantitatively validate the performance of our method,
we carry out experiments on NVIDIA dynamic scenes and
urban driving scenes. We compare DetRF with four base-
lines. The first is a classical learning-based method (Yoon
et al. 2020). The second is vanilla NeRF (Mildenhall et al.
2020). The third and the fourth are recent state-of-the-art
methods (Li et al. 2021; Gao et al. 2021) that also use mul-
tiple NeRFs to perform dynamic novel view synthesis. All
baseline methods are implemented using the author’s pro-
vided official codebase and default hyper-parameters.

Tab. 1 and Tab. 3 show the performance of our method
on NVIDIA dynamic scenes and Urban driving scenes com-
pared to other baseline methods. DetRF achieves the best
performance on average and in most scenes. Due to space
limitations, we only present the results of PSNR and LPIPS
on NVIDIA dynamic scenes, and the average comparision
on Urban driving scenes. Please refer to our supplemental
material for complete comparison results.

Ablation study. We verify the effectiveness of different
modules in our approach, including the backdrop encoder
(BE), the ray occlusion weight module (RW), and two reg-
ularization losses Laepm and Lagow. We conduct our ablation
study on NVIDIA dynamic scenes shown in Tab. 2. The first
row shows the performance of only two naive NeRFs, while
the second row proves the effectiveness of BE, which brings
0.79 1 and .0245 | improvement on PSNR and LPIPS. Be-
sides, RW also shows an increase of 5.5% on PSNR and a
decrease of 27.1% on LPIPS. The depth loss and the flow
loss further show their efficacy in the fourth and fifth rows,
respectively. Fig. 8 provides their visual ablation results.



Skating Balloonl Balloon2 Truck Umbrella Jumping Playground Ave
PSNR LPIPS PSNR LPIPS PSNR LPIPS PSNR LPIPS PSNR LPIPS PSNR LPIPS PSNR LPIPS PSNR LPIPS
Yoonetal. 24.33 1563 19.33 .1625 19.78 .1797 28.78 .0835 20.37 .1696 21.51 .2294 17.43 2124 21.65 .1705
NeRF 25.40 .0906 21.41 .1412 23.30 .0705 27.93 .0975 21.23 .2341 22.21 .1511 20.75 .1566 23.18 .1345
NSFF 33.42 .0235 23.39 .0762 27.85 .0490 32.09 .0372 23.67 .1153 26.67 .0624 23.77 .0857 27.26 .0642
Gaoetal. 33.83 .0225 23.60 .0736 27.90 .0457 31.00 .0321 24.25 .1071 26.72 .0584 23.82 .0823 27.30 .0603
Ours 34.52 .0171 23.87 .0666 27.60 .0411 31.75 .0232 24.20 .1037 27.00 .0463 23.94 .0734 27.55 .0530

Table 1: Quantitative comparison results on NVIDIA dynamic scenes. The best result is in bold, and the second-best is

underlined in each column.

Method | BE | RW | Liiow | Laeptn | PSNR/LPIPS
Base 25.23/.1144
Base+BE v 26.02/.0899
Base+BE+RW | v | v 27.44/.0655
Ours+Loy VIiviv 27.50/.0601
Ours+Liow+Laepn | v | v | v | v | 27.55/.0530

Table 2: Ablation study. We evaluate different modules
on NVIDIA dynamic scenes dataset. PSNR and LPIPS are
shown on average.

Urban Driving Scenes

PSNR SSIM LPIPS
Yoon et al. 29.19 9198 .1036
NeRF 30.22 9260 .0859
NSFF 32.81 9569 .0413
Gao et al. 32.85 9571 .0415
Ours 33.16 9586 .0359

Table 3: Quantitative comparison results (average) on
Urban driving scenes. The best result is in bold, and the
second-best is underlined in each column.

Qualitative Evaluation

While this section has many qualitative evaluations, we rec-
ommend the reader watches the supplementary video for a
more comprehensive understanding. In Fig. 5, we compare
novel view rendering visually. DetRF surpasses all other
methods on dynamic scenes. NSFF recovers dynamic ob-
jects properly but produces imprecise details, such as the
wall in the first scene and the lamp in the second scene. Gao
et al. capture finer details but does poorly in recovering exact
motion. Our method presents the highest qualitative results
in recovering static texture and motion details.

Background disentangling. We further show that our ap-
proach could disentangle static backgrounds from entire dy-
namic scenes self-supervised. DetRF can restore the unoc-
cluded clean background simply by observing the occluded
regions in different frames of a video clip. Other NeRF-
based methods also tend to infer occlusion relationships,
but get subpar performance. As seen in Fig. 6, compared to
other multi-NeRF-based methods, DetRF obtains the most
accurate separation results in RGB-D space with fewer arti-
facts and blurs. In Fig. 7, we also show ablation that without
our occlusion weight, the decoupled synthesized results are

9866

(a) Ghosting in motion areas. (b) Half-baked disentangle results.

Figure 9: Limitations. Our method fails to recover the mo-
tion area (a) and is unable to produce a complete decoupling
result (b) with incorrect flow or depth estimation.

fuzzy and noisy. We include more comparison results with
SOTA decoupled method D2NeRF (Wu et al. 2022) in the
supplementary material.

Though the separation of static components from dynamic
scenes has been addressed in 2D geometric and deep learn-
ing algorithms (Ebdelli, Le Meur, and Guillemot 2015; Li
et al. 2022b), the geometry technique of inpainting lack 3D
comprehension, leading to restricted results in arbitrary view
synthesis and time interpolation. Our approach gives a 3D
pattern for dealing with this problem and allows the recon-
struction of a decoupled implicit 3D scene representation.
This makes it possible to generate novel views at arbitrary
viewpoints and any input time step.

Conclusion

We presented DetRF, a method for modeling dynamic scenes
in the real world and performing novel view synthesis from
casual monocular videos. DetRF provides a 3D pattern that
could decouple the occlusion area into static and dynamic
components and recovers a clean background. We empiri-
cally demonstrate superior quantitative and qualitative per-
formance on both urban driving scenes and NVIDIA dy-
namic scenes. Our work suggests various directions for fu-
ture research, such as autonomous driving dynamic scene
simulation and editor models for outdoor dynamic scenes.
Limitations. Same as other NeRF-based methods, our ap-
proach relies on accurate estimation, e.g. camera poses and
optical flow, to enable the proper representation of dynamic
and static parts. Inaccurate ones may lead to motion artifacts
and incorrect decoupling results (See Fig. 9).
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