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Abstract. We introduce KFD-NeRF, a novel dynamic neural radiance
field integrated with an efficient and high-quality motion reconstruc-
tion framework based on Kalman filtering. Our key idea is to model the
dynamic radiance field as a dynamic system whose temporally varying
states are estimated based on two sources of knowledge: observations and
predictions. We introduce a novel plug-in Kalman filter guided deforma-
tion field that enables accurate deformation estimation from scene obser-
vations and predictions. We use a shallow Multi-Layer Perceptron (MLP)
for observations and model the motion as locally linear to calculate pre-
dictions with motion equations. To further enhance the performance of
the observation MLP, we introduce regularization in the canonical space
to facilitate the network’s ability to learn warping for different frames.
Additionally, we employ an efficient tri-plane representation for encod-
ing the canonical space, which has been experimentally demonstrated to
converge quickly with high quality. This enables us to use a shallower ob-
servation MLP, consisting of just two layers in our implementation. We
conduct experiments on synthetic and real data and compare with past
dynamic NeRF methods. Our KFD-NeRF demonstrates similar or even
superior rendering performance within comparable computational time
and achieves state-of-the-art view synthesis performance with thorough
training. Github page: https://github.com/Yifever20002/KFD-NeRF.
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1 Introduction

Neural Radiance Fields (NeRF) [30] have demonstrated outstanding success
as a versatile and accurate 3D representation of real-world scenes, which has led
to its wide adoption in daily and industrial applications in numerous domains.
One of the remaining key desiderata for NeRFs is its extension to dynamic scenes.

Existing dynamic NeRF methods can be broadly categorized into two ap-
proaches. One is to learn deformation fields for motion warping (e.g ., D-NeRF [36]
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Fig. 1: In contrast to a vanilla deformation field, our plug-in Kalman filter guided
deformation field consists of a prediction branch along with the direct observations from
input data. From noise related terms "ti and "ti�1 we learn Kalman gain Kti , weighting
observations yti and predictions d̂x

�
ti

for more accurate deformation estimations.

and TiNeuVox [10]). Another is to disregard motion priors and directly inter-
polate time in the feature space (e.g ., DyNeRF [24] and KPlanes [12]). These
approaches, however, often overlook the characteristics of a dynamic radiance
field as a time-state sequence, missing the opportunity to fully leverage temporal
contextual information.

In this work, we draw inspirations from control theory and model the 4D
radiance field as a dynamic system with temporally-varying states. Our state
estimates of this dynamic system come from two sources of knowledge: obser-
vations based on the input data and predictions based on the system physical
dynamics. Optimal state estimates cannot be achieved with only one of these
two sources of knowledge. On the one hand, observations, as commonly used in
previous dynamic NeRF works, are inherently error-prone due to the discrete
temporal sampling of the dynamic scenes. On the other hand, predictions are
governed by the correctness of the assumed kinematic model and may struggle
to maintain accuracy for real dynamic scenes.

To maximize combined potential of both observations and predictions, we
introduce an efficient plug-and-play Kalman filter [43] module to optimize state
estimations of our dynamic system. In Fig. 1 we illustrate our plug-in Kalman
filter guided deformation field. We model the 4D radiance field as a single-state
system, with the state denoted as dxti

for the current frame deformation. In
contrast to a vanilla deformation field that only considers system observations
in the current frame, our approach incorporates richer information from previous
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frames by introducing a prediction branch based on a motion equation. Given
the absence of prior trajectory regarding the scene’s motion, we employ local
linear motion.

Both observations and predictions are weighted using a learnable Kalman
gain to calculate precise deformation estimations. During the initial stages of
training, predictions primarily influence the process, facilitating the convergence
of frames with substantial motion. In the later stages of training, observations
take precedence, allowing for the recovery of more precise and fine-grained mo-
tion details.

All points in the real space are warped to a time-independent canonical space
according to the estimated deformations. To further improve the performance
of our two-branch deformable model, we employ an efficient tri-plane spatial
representation for encoding our canonical space. Experimental evidence shows
that this representation permits a shallower observation MLP with only two
layers in our implementation. At the same time, we improve the warping ability
of the observation MLP by regularizing the learning of the radiance field in the
canonical space.

In summary, our contributions are as follows:

1) The first method for modeling 4D radiance fields as dynamic systems by
integrating a Kalman filter into the deformation field formulation, which
results in a plug-in, efficient method for estimating deformations;

2) KFD-NeRF, a novel deformable NeRF with the Kalman filter plug-in and
a tri-plane spatial representation, trained with a novel strategy of gradually
releasing temporal information to facilitate learning dynamic systems;

3) and regularization in the canonical space for enhancing the learning capacity
of a shallow observation MLP. We achieve state-of-the-art results on both
synthetic and real data with all these designs, compared to dynamic NeRFs.

2 Related Works

Neural Radiance Fields Representation. NeRF [30] represents 3D scenes based
on an implicit representation encoded by an MLP. Given multi-view images and
corresponding camera poses as input, the MLP is trained by “analysis by synthe-
sis,” achieving novel view synthesis and coarse geometry reconstruction. Vanilla
NeRF leaves room for improvement that has attracted abundant research.

Many methods [13, 20, 26, 39, 48] use sparse voxel grids to represent the 3D
scenes. While grid-based modeling achieves fast training and rendering, fine de-
tails require high-resolution grids leading to excessive memory consumption. The
optimization process for grids is also unstable, failing to leverage the smoothness
bias brought by MLP. Instant-NGP [31] proposes an efficient hash encoding for
mapping spatial and feature domains. For sparsely-observed regions, however,
this one-to-many mapping can easily introduce noise. The tri-plane representa-
tion [5, 6, 35] significantly reduces the memory footprint by leveraging its low-
rank decomposition. We use this representation to build a fine-detailed canonical
space.
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Dynamic Neural Rendering. For dynamic scenarios, modeling the time dimen-
sion together with the spatial representation becomes the main challenge. One
approach to dynamic NeRF [4,12,14,15,21,24,25,27,34,38,45] is to add times-
tamps as an extra dimension to the 3D space and formulate 4D interpolation.
Though intuitive, this leads to temporal incoherence due to the lack of supervi-
sion and priors between frames. Another approach [7, 9, 10, 17, 18, 25, 32, 33, 36,
40, 49] is to model the motion with deformation fields that warp points in arbi-
trary frames to the canonical space conditioned on the timestamps. This design
can take advantage of the MLP smoothness bias in accordance with the motion
smoothness prior. Nevertheless, deformation fields fail to find correspondences
in frames with significant motion. We emphasize the performance improvement
resulting from the switch in backbone spatial representation from D-NeRF [36]
(MLP-based) to TiNeuVox [10] (voxel grids based) and later analyze the impact
of different spatial representations on the deformation field. We also compare
with latest point-based 4D rendering works [29,44,46] inspired by 3D Gaussian
Splatting [23].

Deep Kalman Filter. The combination of deep learning and Kalman filtering
has been explored to address the challenges of incomplete observations in var-
ious scenarios. Some works [28, 52] use Convolutional Neural Network (CNN)-
based Kalman filtering for video compression and camera localization. Recurrent
Neural Network (RNN)-based Kalman filter has also been used in some stud-
ies [8, 37] to improve state estimation and to optimize pose regularization. The
Transformer in [50] enables a more comprehensive exploitation of temporal con-
textual information. All of these works along with [3, 11, 19], however, model
dynamics only in the learned latent space without taking into account physical
priors, with the exception of [16] which fuses known physical priors and network
outputs to construct a Kalman filter for video prediction. In this paper, for the
first time, we employ a neural Kalman filter to assist in the dynamic NeRF task.
We derive a two-stream method consisting of a shallow MLP and physical priors
to achieve efficient motion estimation.

3 Preliminaries

3.1 NeRF and Volume Rendering Revisited

NeRF [30] consists of three parts: sampling, volume mapping, and rendering.
In the sampling process, points x 2 R3 are sampled along rays calculated from
the camera pose. Then, in the volume mapping process, each x in the 3D world,
as well as its viewing direction v 2 R3, is queried to output the volume density
� and radiance c = (r; g; b) of x. Finally, in the rendering process, the color of
each ray is computed with volume rendering [22]. The expected color of the ray
r(s) = o + sv becomes [30]

C(r) =

Z sf

sn

T (s)�(r(s))c(r(s);v)ds ; (1)
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where sn and sf are the near and far bounds, respectively, and

T (s) = exp

�
�
Z s

sn

�(r(k))dk

�
: (2)

The only supervision for training NeRF comes from the ground truth color
Cgt(r) of each ray

Limage =
X
r2R

kC(r)� Cgt(r)k22 ; (3)

where R is the ray batch.

3.2 Kalman Filter

Consider a dynamic system with input ut, output yt, process noise nt and
measurement noise mt. We want to obtain its state xt at each frame t, assuming
the state equation follows

xt = Axt�1 +But + nt ; (4)

and the output equation follows

yt = Cxt +mt ; (5)

where A, B and C are the system matrix, control matrix and output matrix,
respectively.

There are two methods for obtaining the system’s state xt at any given t:
observation and prediction. The observation method tries to rely on yt in Eq. (5)
while the prediction method tries to mathematically model the system dynamics
to predict the state. Both of these methods, however, come with non-negligible
errors due to the existence of mt and nt and for inaccurate system modeling.

The Kalman filter algorithm posits that the state xt is obtained by a weighted
sum of the prediction based on the state xt�1 and the observation yt. For a
specific t, estimating the state xt can be divided into two steps: prediction step
and update step. Assuming that the process noise and measurement noise follow
zero-mean Gaussian distributions with variances Q and R, respectively, at the
prediction step, it first calculates a predicted state based on the estimated state
at t� 1

x̂�t = Ax̂t�1 +But ; (6)

and its error covariance
P�t = APt�1A

T +Q : (7)

In the update step, this predicted state is combined with observation yt to obtain
updated state estimate

x̂t = x̂�t +Kt(yt � Cx̂�t ) ; (8)
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Fig. 2: Visualization of feature planes learned by the feature interpolation method À
and the deformation �elds method Á. We show a point P in the real world space and
its corresponding four points P1 , P2 , P3 and P4 in the canonical space at four di�erent
timestamps. The feature plane in Á exhibits better smoothness compared to À, so we
use Á to construct our backbone.

and its error covariance
Pt = ( I � K t C)P �

t ; (9)

where

K t =
P �

t CT

CP �
t CT + R

(10)

is the Kalman gain, re�ecting the weights assigned to the observation and pre-
diction components.

4 Method

Figure 3 illustrates the three stages of the complete pipeline of KFD-NeRF. In
this section, we will �rst analyze the advantages of using deformation �elds as the
motion representation over feature interpolation. We will then introduce KFD-
NeRF based on the Kalman �lter to achieve accurate deformation estimations.
Finally, we will discuss spatial reconstruction details, the training strategy, and
the incorporation of regularization.

4.1 Motion Representation: Deformation Fields vs. Feature
Interpolation

4D NeRFs generally employ two approaches to temporal modeling: motion
deformation �elds or time-conditioned feature interpolation. A deformation �eld
D(x ; t) ! � x calculates the deformation � x at each timestamp t, which can
be used to warp a 3D point at t to its corresponding position in the canonical
space. In contrast, time-conditioned feature interpolation F (x ; t) ! f directly
learns a feature vectorf from a given 3D point at t, which is sent to a decoder
for RGB and density calculation.



KFD-NeRF: Rethinking Dynamic NeRF with Kalman Filter 7

Fig. 3: The overall pipeline of our KFD-NeRF. Our designed deformation �eld calcu-
lates �nal deformations based on two sources of knowledge. At the observation stage,
system observations are directly output by a shallow observation MLP. At the predic-
tion and fusion stage, we calculate predictions based on system dynamics, and further
fuse observations and predictions to obtain �nal deformation estimations. At the spa-
tial reconstruction stage, tri-plane encoded canonical points are concatenated with raw
positions and timestamps, which are further decoded to obtain predicted colors for
loss calculation. (* f represents a linear layer, used to obtain the Kalman gain from
noise-related terms " t i and " t i � 1 .)

In Fig. 2, we illustrate the di�erence between these two methods with a
motion example from time t = 0 to time t = 1 . Given a 3D point P in the real
world space, we can identify its corresponding four points in the canonical space
at four di�erent timestamps, named P1, P2, P3, and P4. À shows the feature to be
learned at P which changes over time. Notice that when the radiance undergoes
abrupt changes, the feature space exhibits many high-frequency signals, which
are hard to �t. Á shows the backward deformation from the real world space to
the canonical space to be learned atP which changes over time. These signals
are smoother and easier to �t by leveraging the motion's smoothness prior. MLP
representations have inductive smoothness bias and are well-suited for learning
such deformations. Hence, we employ MLP-based deformation �elds to represent
motion in this work.

4.2 Kalman Filter Guided Motion Prediction

Next, we derive the system equations for the dynamic radiance �eld following
Eqs. (4) and (5). As we are trying to model non-rigid motions, each 3D point
in the dynamic radiance �eld could be independently seen as a dynamic sys-
tem, with its velocity v t i at each frame t i as a single input ut . Also note that
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this dynamic system is a single-state system since we only focus on estimating
deformation at each framet i , denoted asdx t i .

In the next step, we determine the coe�cients matrix A, B , and C in Eqs. (4)
and (5), each degenerating to a value under a single-input and single-state sys-
tem. As we directly observe dx t i , the output matrix C becomes1. Since the
motion trajectory is unknown, we use a locally-linear motion model to describe
this dynamic system: dx t i = dx t i � 1 + �t i � v t i (A = 1 and B = �t i ). Further
considering noise, our state and output equations become

(
dx t i = dx t i � 1 + �t i � v t i + nt i ;

yt i = dx t i + mt i :
(11)

In Fig. 3, our designed deformation �eld consists of two parts: an MLP-based
observer and a system-dynamics-based predictor. As for the observer, by query-
ing 3D points coordinatesx and timestampst i , a two-layer shallow MLP is used
to output the mean observation yt i (assuming zero-mean Gaussian measurement
noise mt i ) and noise-related terms" t i . For the predictor, we follow the locally-
linear motion model and �rst calculate the input v t i . Because the deformation of
the current frame t i is being estimated, we only use the information from frame
t i � 1 and frame t i � 2 to approximate the velocity

v t i = ( dx t i � 1 � dx t i � 2 )=�t i : (12)

Based on the estimated velocity, we compute the predicted deformation state
d̂x

�
t i

. The �nal estimation d̂x t i is the sum of d̂x
�
t i

and yt i weighted by a Kalman
gain K t i . The Kalman gain in Eq. (10) is calculated by current measurement
noise and past process noise. In our implementation, we obtainK t i utilizing a
linear layer that takes noise-related terms" t i and " t i � 1 and timestamps t i and
t i � 1 as inputs, incorporating historical information. Algorithm 1 summarizes this
deformation estimation.

Volume is warped to the canonical space based on the estimated deformation,
which is further decoded to obtain density � and color. We compute the loss by
comparing the rendered values with the ground truth and use it to update the
network, following Eq. (3). In addition, we note that the estimated deformation
serves as a good supervision for learning the observation MLP, in analogy with
observation updating process in Kalman �lter. Therefore, we try to minimize
the error between the current observation and the estimated deformation with

L kf =
1
N

X

x 2N






 yt i � d̂x t i








2

2
: (13)

The weighted yt i and d̂x
�
t i

stand for two sources of knowledge from the whole
system.yt i represents the state directly observed by the observation MLP, which
lacks the information from past frames and thus has a low con�dence in the early
stages of training. In contrast, d̂x

�
t i

represents the current frame information
predicted from history, which provides a good prior in the early stages of training.
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Algorithm 1 Deformation Estimations
Prediction :
dx t i � 1 ; " t i � 1 = observer(x ; t i � 1)
dx t i � 2 ; " t i � 2 = observer(x ; t i � 2)
v t i = ( dx t i � 1 � dx t i � 2 )=�t i

d̂x
�
t i = dx t i � 1 + �t i � v t i = 2 dx t i � 1 � dx t i � 2

Update :
yt i ; " t i = observer(x ; t i )
K t i = f (" t i ; " t i � 1 ; t i ; t i � 1)

d̂x t i = d̂x
�
t i + K t i (yt i � d̂x

�
t i )

In the later stages of training, however, the con�dence of the predictor drops
signi�cantly due to the inherent errors of the modeled motion dynamics, which
is gradually compensated by the well learned observation MLP. Our Kalman
Filter guided model automatically strikes the balance of both leveragingd̂x

�
t i

in the early stages to accelerate convergence and avoid local minimum and also
using yt i in the later stages to learn �ne details.

4.3 Spatial Representation

MLP-based spatial representations su�er from slow convergence and require a
deeper deformation network (e.g., eight layers MLP in [36]) to model 4D scenes.
Otherwise, the deformation �eld can get stuck in a local optimum before learning
the radiance �eld in the canonical space. Voxel grids based spatial representations
converge very quickly (e.g., TiNeuVox [10]) but demand high spatial resolution
to store �ne details, which requires signi�cant memory footprint. Under memory
constraints, achieving high resolution in the canonical space can be challenging,
resulting in losing scene details and deteriorating the warping quality for each
frame. We employ a tri-plane representation, which uses three sets of mutually
orthogonal 2D planes to represent 3D space. This low-rank model allows for
rapid convergence while signi�cantly reducing memory consumption, making it
possible to achieve fast and high-quality canonical space reconstruction.

What's more, there are some inevitable errors due to coordinate shifts when
x 0 are encoded by �nite resolution tri-plane. To enhance the raw coordinate
information, we follow [10] by concatenating encoded tri-plane features with raw
coordinate inputs.

4.4 Training Strategy and Regularization

Our model takes into account temporal information so the learning of the
current frame partially relies on the results of previous frames. To ensure that
previous frames can o�er ample priors, we employ a training strategy of gradually
releasing the training images in chronological order.

We also notice that the lack of constraints or priors in the canonical space
can a�ect the performance of the observation branch, which could be regularized
by pre-setting the shape in the canonical space. D-NeRF [36] sets framet0 to be
the canonical space and force the deformation output of framet0 to be masked
to 0. Such a hard mask, however, does not allow learning of the deformation
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at frame t0 and may cause the canonical space to be too complex for motions
warping.

We instead design a soft regularization term to normalize the di�erence be-
tween the canonical space and the radiance �eld in the real world at framet0

to improve the observation branch. The canonical observation loss of a points
batch N is

L co =
1
N

X

x 2N

1(t)dx ; (14)

where 1(t) = 1 when t = 0 and 1(t) = 0 when t 6= 0 .
We use a proposal sampling strategy from Mip-NeRF 360 [2] by distilling

the density �eld for occupancy estimation. This online distillation necessitates a
loss function L prop to ensure consistency between the proposal network and our
learned model. Please refer to Section3 in [2] for detailed de�nition.

Total variation loss L tv is a common regularizer in inverse problems, which
encourages sparse edges in space. We apply this loss to each of our tri-plane to
get L tv (x0), where x0 are warped 3D points in the canonical space. The total
variation loss is

L tv (x ) =
1

jCj

X

c;i;j

(





 x i;j

c � x i � 1;j
c








2

2
+






 x i;j

c � x i;j � 1
c








2

2
) ; (15)

where c is a certain plane from the tri-plane collection C and i , j are indices on
the plane's resolution.

The �nal loss function becomes

L = L image + L kf + L co + L prop + � tv L tv ; (16)

and we experimentally choose� tv to be 1 � 10� 4.

5 Experimental Results

5.1 Dataset

For synthetic data, we use the Dynamic NeRF Synthetic Dataset provided by
D-NeRF [36], whose training and testing splits have already been well-organized.
For each scene in the synthetic dataset, a photo from an arbitrary view with
corresponding camera pose is provided at each timestamp. For real data, we use
the Nvidia Real Dynamic Scenes Dataset [47] which consists of 8 dynamic scenes
recorded by12 synchronized cameras. We use11 camera videos for training and
the remaining one for testing.

5.2 Baselines and Metrics

Due to di�erences in the format of synthetic and real data, we carefully
select cutting-edge baselines to thoroughly validate our method based on com-
parative experiments. For synthetic data, we test deformation based methods
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