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Abstract. Neural Radiance Fields (NeRF) have demonstrated promising results
in synthesizing novel view images from a set of unconstrained captured scenes.
One important extension of NeRF is using it on non-rigid reconstruction. Al-
though previous NeRF-based methods for dynamic scene reconstruction have
presented visually appealing results, they still often show visual artifacts such as
blurry or incorrect geometry of an object. One of the causes is that previous work
performs reconstruction directly on the entire video sequence. The global tem-
poral information over the video sequence introduces noise to the network, often
leading to a non-optimal canonical space representation of the dynamic scene. In
this paper, we present Local Temporal (LT) NeRF, a method to synthesize novel
views of dynamic scenes using local temporal priors. Our novel LT module pro-
vides the local temporal priors using multi-view stereo sampling, and improves
the deformation field reconstruction and hyper-space encoding. Our novel loss
functions further supervise the NeRF for better optimization. We evaluate our
method with dynamic scenes captured from monocular videos, outperforming
the state-of-the-art.
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1 Introduction

Synthesizing novel view images provides the freedom to navigate beyond the capturing
locations. It is particularly challenging in dynamic scenes containing moving and de-
formable objects with complex geometry. Recent learning-based methods, highlighted
by the advent of NeRF and its subsequent works, have achieved significant improve-
ments to synthesize novel views in dynamic scenes.

The NeRF-based methods aim to model a scene’s geometry and appearance as
neural radiance fields using multi-layer perceptrons (MLPs), and use volumetric ren-
dering to generate a novel view of the scene. A number of NeRF variants, including
D-NeRF [33]], Nerfies [31], and HyperNeRF [32]], focused on addressing non-rigid re-
construction by learning a deformation field to map the observation coordinates of each
input image into a canonical coordinate space. This is then used in a volume rendering
process for novel view synthesis. Although these methods showed promising results,
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there are still visual artefacts. This is because these deformation-based NeRF methods
reconstruct the canonical space based on global temporal information (the entire video
sequence). However, a video usually has less meaningful information about a given
dynamic object between temporally distant frames. Moreover, in cases of building a
NeRF for dynamic scenes, this information will introduce noise, making the training
challenging.

In this paper, we propose a way to leverage the dynamic appearance from temporally-
nearby images (local temporal priors) to complement the NeRF-based deformation field
optimizations. We demonstrate the impact of learning with local temporal priors by in-
troducing Local Temporal NeRF (LT-NeRF). Our novel local temporal (LT) module
that uses a multi-view stereo (MVS) sampling to generate the local temporal priors.
The local temporal priors are fed into an MLP which then supervises the deformation
field and hyper-space encoding. LT module learns the relationship between the local
temporal priors, density, and color, which effectively improves the reconstruction of
the deformation field and hyper-space encoding. Our method shows promising results
when synthesizeing dynamic scenes with moving subjects and subtle deformations, out-
performing the stat-of-the-art. Our contributions are summarised as follows:

— We present LT-NeRF, a novel view synthesis approach from monocular videos con-
taining dynamic objects using NeRF enhanced by local temporal priors.

— We propose a novel LT module providing local temporal priors to improve the
deformation field reconstruction and hyper-space encoding.

— We introduce two loss functions that take into account the temporal local informa-
tion to supervise the deformation field and hyper-space encoding optimization.

2 Related Work

View synthesis is a research topic that is closely related to 3D vision, and has been
studied for decades. A naive solution to this task would be building explicit 3D scene
geometry such as a point cloud and mesh, then rendering this geometry from a novel
viewpoint [S[12}/13}|17]. However, this has a limitation on the fidelity of the generated
novel scene, as the reconstructed point cloud/mesh often suffers from visual artifacts
such as floating geometry. Image-based rendering [4}(14}/15]38]] improves this, but the
rendered scene can still have issues with scene-independent effects such as reflection
on refraction. Alternatively, synthesis can also be achieved via implicit soft geometry
via light field rendering [20,22]], however, this requires densely captured images.

With the emergence of deep learning, research has focused on using neural networks
to learn a representation that is suitable for novel view synthesis. Early work in this di-
rection aimed to convert the set of images into Multi-Plane Images (MPI) [3},8},25,49].
More recently, NeRF [26] has demonstrated a superior view synthesis quality compared
to other methods, with a series of subsequent researches that improve NeRF for vari-
ous aspects such as anti-aliasing [[1}|2], night scenes [24], rendering of large-scale out-
door/indoor scenes [35/39,/46], acceleration of training [7[27]], real-time rendering [46],
and many others [23,42,45].
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Non-rigid reconstruction [6, 16, 30, 40, 41, 50, 51] from monocular video (image se-
quence) is a challenging research problem for view synthesis. A key to solving this
problem is to address the motion of the dynamic object. A solution for this is to nd
the correspondence between frames, which would then address the motion of the dy-
namic object. These can either be done via estimating the frame-to-frame optical ow
elds [10], or estimating the long-term trajectories that are associated with each pointin
world space of an image sequence [36]. Another solution is to reconstruct a canonical
space representation of the scene, and use an associated warp eld to model per-frame
deformation in the scene [28].

More recently, with the increasing popularity of NeRF [26], building neural ra-
diance elds for non-rigid scenes has been of interest. The Neural Scene Flow Field
(NSFF) [21] achieved non-rigid reconstruction via the use of optical ow to guide the
warping of the point between time frames. Gao et al. [9] presents a dual ML model
that handles the synthesis of static and dynamic scenes separately. D-NeRF [33] and
Ner e [31] propose to use MPL to reconstruct a canonical space representation of the
scene, which can then be later used with the regular NeRF model. HyperNeRF [32] was
extended from Ner e, but focused on improving reconstruction on topological changes
with an ambient network to encode hyper-space coordinates. There are also other works
focusing on reconstruction for the human body [11, 44], and enable editability on the
object [47] to allow users to manipulate the scene. TiNeuVox [7] has been introduced to
speed up the training process while maintaining the network performance. In this paper,
we focus on improving non-rigid reconstruction using local temporal priors.

3 Overview

Fig. 1. An overview of our LT-NeRF. The local temporal priors are utilized to provide guidance
on the geometric features for the hyper-space deformation encoder optimization.

Our goal is to reconstruct a dynamic scene from a video seqdi¢rgié = 1;::; N).
Speci cally, we will learn a NeRF-based representation that synthesizes novel views at
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an arbitrary position and time. Our problem can be formulated as:
¢, = F(x;;t); 1)

where x is a 3D locatior(x; y; z) in the viewing volume to synthesize,are the camera
parameters of each reference view obtained using Structure-from-Motion [19, 29, 37],
andt is the time. Our aim is to obtain volume densityat x, and the RGB coloc at
x. When synthesizing a novel view, we use the corresponding camera paranteter
obtain the ray direction of each pixel for volumetric rendering.

We propose LT-NeRF, a novel method that uses Local Temporal Priors (LTP) to
achieve better quality view synthesis for dynamic scenes. The overall architecture of
our LT-NeRF is shown in Figure 1. For each imagewe sample 3D points in the
observation volume and build a hyper-space radiance eld to associate 3D observation
coordinates to hyper-space coordinates and predict their densities and colors (section 4).
We then leverage an MLP to estimate the color of each spatial-temporal point by com-
bining the color information from temporally nearby frames and the learned geometric
features (subsection 5.1). Together with the original NeRF color prediction, the two
color outputs provide temporally global and local appearance information that are com-
plementary to each other, leading to better geometry reconstruction from the radiance
eld. For model training, we propose a local temporal loss to ensure the local temporal
information can be effectively learned (subsection 5.2). Furthermore, we also use the
auxiliary guided depth map from a CNN-based depth estimation method to improve the
density prediction of the radiance eld construction.

4 Dynamic Scene Representation

We use hyper-space neural radiance eld (HyperNeRF) [32] as our base dynamic scene
representation. HyperNeRF extends NeRF [26] by additionally learning a deformation
module to map a 3D point in the observation space to a canonical space representation
to obtain its density and color for volumetric rendering. The mapping is learned through
a deformation eld and an ambient eld, which can be represented=gy: (x;! ¢) !

(x%w). Here,! ; is the latent deformation code for the frame at titmand! is the
ambient coordinate. The hyper-space coordinates are fed to the MLPs for predicting
color and density. For the nal image reconstruction, the view direaiafi each pixel

is used to cast rays for volumetric rendering, which can be obtained using the camera
parameter . A per-frame appearance codgis also used to ensure the color changes
observed between different frames are learned by the radiance eld. Thus, the basic
radiance eld for the frame at timeis formulated as:

(% )=F (X o' o) )

By optimizing the parameters, = f get; 4; g Of the basic HyperNeRF, the
model is capable of generating novel views of dynamic videos and handles movements
of objects in the dynamic scene. Hefeger ; 4; g represents the parameters of the
MLPs for predicting the deformed/ambient coordinates, density estimation, and color
estimation respectively.
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Fig. 2. lllustration of the Multiview Stereo (MVS) sampling process in our LT module.

Fig. 3. An example of volumetric rendering with raw LTP reconstructed with the estimated depth.
Given there are N frames from a video sequence (blue box), we isolate our deformation learning
amongn temporally local frame. The green box shows a volumetric rendering result with LTP,
wheren =2;n =4;n =20;n =50;n = N respectively. For this example sceNe= 100.

The torch and person are dynamic objects in the scene.
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