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Abstract—Dynamic CT reconstruction plays a crucial role in
both medical and industrial applications. However, existing 4D
CT reconstruction methods typically rely on complex regulariza-
tion techniques or external large-scale training datasets, posing
challenges for reconstruction quality and generalization when
handling complex object motion and varied imaging modes.
Neural Radiance Fields (NeRF) offer a promising approach to
dynamic CT reconstruction, but existing NeRF-based methods
often assume that the scene is low-rank, limiting their represen-
tation capabilities. To address these issues, we propose NG-NeRF.
First, we combine 3D and 4D hash grids for scene representation,
effectively reducing temporal redundancy in static regions of
dynamic scenes while improving the model’s representation capa-
bilities and efficiency. Next, we design a non-local hash attention
module to establish non-local dependencies between the features
of different hash grids. This guides the model to adaptively select
features based on hash table load information, significantly alle-
viating hash collisions and achieving the decoupling of dynamic
and static regions. Besides, we introduce global continuity by
employing mask positional encoding, which helps reduce the noise
often introduced by grid features. Our experimental results on
medical and industrial datasets demonstrate that the proposed
method outperforms existing state-of-the-art methods by 5.84 dB
and 3.4 dB, respectively, and exhibits excellent generalization
ability across different 4D CT scenarios.

Index Terms—4D CT reconstruction, neural radiance fields,
hash grid.

I. INTRODUCTION

OMPUTED Tomography (CT) is widely known for its

ability to reveal the internal structure of objects using
X-ray penetration [1]-[3]]. 4D CT reconstruction can further
provide the motion process of an object by introducing the
time dimension. This technology holds significant potential
for applications in medical radiotherapy [4], industrial product
testing, and material analysis [3].

Nonetheless, 4D CT reconstruction is a challenging and
inherently ill-posed problem. In medical scenarios, object
motion is primarily caused by human breathing. During the
acquisition of projections, motion state (phase) signals are
typically captured using motion sensors. Vanilla 4D CT [6]]
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reconstruction classifies projections into distinct phases ac-
cording to motion signals and reconstructs the CT images for
each phase individually. However, due to the small number
of projections in different phases, streak artifacts are prone to
occur [7].

Traditional 4D CT reconstruction methods employ regular-
ization techniques [8]] and deformation vector fields (DVFs)
[9]-[11] to mitigate streak artifacts. However, excessive regu-
larization and the complexity of hyperparameter adjustments
hinder the diversity of motion representation [12]. Learning-
based methods leverage large artifact-free datasets to train
artifact-removal neural networks in the image domain [13]-
[15]], further enhancing reconstruction performance. Yet, these
methods lack geometric understanding and have limited gen-
eralization capabilities. Furthermore, both methods above de-
pend on sensors to capture motion states and are primarily
suited for periodic motion in medical scenarios. In industrial
scenarios, projection acquisition can only be obtained in a
time-sequential manner, and it is impractical to use sensors to
capture motion signals, so these methods are difficult to apply
to industrial scenarios [5]]. Hence, there is a critical need for
a universal method capable of achieving high-quality dynamic
CT reconstruction across diverse scenarios.

Recently, Neural Radiance Fields (NeRF) [16] has shown
remarkable performance in the task of Novel View Synthesis
(NVS) in natural scenes. This technology is highly flexible and
scalable, and does not rely on additional datasets, providing
a new solution for CT reconstruction. However, due to the
impenetrability of natural light, reconstruction tasks in natural
scenes primarily focus on the surface information of objects,
so the design of existing NeRF methods is usually based
on the low-rank assumption. In contrast, CT scenes require
more dense spatial information, imposing higher demands on
the model’s representational capacity (as shown in Figure [T)).
Under these conditions, the low-rank assumptions adopted by
many existing NeRF-based approaches significantly limit the
model’s ability to capture fine-grained spatial structures in
high-resolution CT reconstructions. As a result, current NeRF-
based 4D CT reconstruction methods [3], [17]-[19] are prone
produce loss of volumetric details and are typically constrained
to low-resolution reconstruction.

To address the above problems, we propose a novel frame-
work, NG-NeRF. First, we adopt a combination of 3D and 4D
hash grids [20] to represent 4D CT scenes, with the expectation
that the 3D hash grid captures the static regions and prevents
information redundancy. However, previous studies [21]] show
that a simple combination easily leads to the 4D hash grid
overtaking the static region. In addition, hash collisions can
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Fig. 1. Comparison between natural light imaging and X-ray imaging. (1)

Natural light imaging, constrained by the impenetrability of natural light,
captures only the surface details of an object. As shown in the slices, internal
information remains unclear and ambiguous. (b) In contrast, CT imaging
focuses on capturing detailed information across the entire imaging space.

further degrade reconstruction quality. We argue that both in-
formation redundancy and hash collisions fundamentally arise
from an imbalance in hash table load. Therefore, secondly,
we propose a non-local hash attention module that establishes
closer non-local dependencies between the features of different
hash grids corresponding to the sampling points. This allows
the model to adaptively balance the load of the hash table,
alleviating hash collisions, improving feature utilization, and
making the model more compact, while decoupling dynamic
and static regions. Besides, we introduce Mask Positional
Encoding to guide the model in learning global information,
implicitly smoothing images without relying on regularization
terms, and further mitigating artifacts caused by hash collisions
and grid features.

We conduct experiments on high-resolution medical and in-
dustrial datasets with different scenarios and scanning modes.
Experimental results demonstrate that our method consistently
outperforms current mainstream approaches across all datasets.
The main contributions of this work are summarized as
follows:

o« We propose NG-NeRF, a novel framework capable of
achieving high-quality 4D CT reconstruction across var-
ious scenarios and scanning modes without requiring
additional datasets.

o We introduce a combination of 3D and 4D hash grids to
represent 4D CT scenes, design a non-local hash attention
module and incorporate mask positional encoding. These
approaches enhance the model’s representational capac-
ity, significantly mitigate hash collisions using non-local
information, and maintain the model’s compactness and
efficiency.

o Experiments on challenging high-resolution 4D CT
datasets demonstrate that NG-NeRF significantly outper-
forms existing methods and has high practical value.

The subsequent sections of this paper are organized as
follows. In § [lIl we review related works about 4D CT recon-
struction, neural fields for natural scenes, and neural fields for
CT reconstruction. In § we introduce the preliminaries of
NeRF-based 4D CT reconstruction and describe the proposed
method in detail. In § we present our experimental results
and analysis. In § [V] we conclude this paper in the end.

II. RELATED WORK
A. 4D CT reconstruction

In traditional iterative 4D CT reconstruction algorithms,
motion is typically represented as deformation vector fields
(DVFs) to compensate for an object’s motion trajectory during
scanning. DVFs are generally derived through two approaches:
the first is based on non-rigid registration between 4D CT
images across different phases [9]-[11[]; the second directly
calculates DVFs from projections [22], [23]. However, regis-
tration often introduces errors, and optimizing DVFs remains
challenging. To address this issue, some studies [24]], [25[ have
proposed incorporating regularization terms, which leverage
prior information to improve DVF estimation. Nevertheless,
excessive reliance on regularization can hinder the algorithm’s
ability to handle diverse motion patterns and multiple scanning
modes effectively [12].

Learning-based reconstruction methods often train a post-
processing model [13]]-[15] to enhance the quality of recon-
structed images by removing artifacts and noise or improving
detail resolution. These methods has the advantage of fast
speed, but due to the limitation of computing power, the
receptive field of the neural network is difficult to cover 4D
images. On the other hand, [26]], [27]] directly learn a mapping
from the projections to the 4D reconstructed images. Despite
their potential, learning-based methods heavily rely on dataset
diversity and lack generalization to unknown data, thereby
limiting their practical applicability.

We argue that the community requires a method capable of
achieving high-quality reconstruction across various scenarios.
The approaches mentioned above face challenges in meeting
the dual demands of reconstruction accuracy and generaliza-
tion.

B. Neural Fields for Natural Scene

NeRF [16] was the first to combine volume rendering
with neural networks, using a multi-layer perceptron (MLP)
to represent 3D scenes. Many subsequent works have built
upon this foundation, making significant improvements and
applying them to various downstream tasks [28]-[30]. For
example, Miiller et al. [20] proposed representing the scene
as multiresolution grid features and mapping them into a hash
table, significantly enhancing training and rendering speeds.
Zhang et al. [31] incorporated hash grids to address the
limitations of existing methods in terms of pose and radiation
field consistency. Additionally, several other improvements
based on NeRF have emerged, including sparse view [32]-
[34]], accelerated rendering [35], [36], and reduced memory
usage reducing [37], [38].
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Fig. 2. Overview of our method. First, we input the 4D coordinates (x, 7) and 3D coordinates x of the sampling points into 3D and 4D hash grids
(Dimensionality reduction on 3D and 4D hash grids are performed in the figure for the convenience of representation), respectively, and use hash indexing
and linear interpolation to extract the grid features. Then, these grid features are concatenated and passed through the Non-local Hash Attention module to
establish non-local dependencies. Next, we reshape the output features into 1D and concatenate them with the mask positional encoding, and then input them
into the tiny MLP to obtain the attenuation coefficient p. We predict p of the sampling point on the ray and obtain the predicted projection I;'TE 4 (r) using

volumetric rendering as defined in Eq. 3. Finally, the I;'Tc 4
L2 loss.

To accommodate the ever-changing nature of the world,
many studies have extended NeRF to dynamic scenes [39],
[40]. Existing dynamic NeRF methods can be divided into
two categories. The first category is based on the concept of
decoupling, which represents the dynamic scene as a canonical
scene and a deformed scene [41[]-[44]], or directly decouples
the dynamic scene into static and dynamic regions [21]], [45],
and are represented using independent models respectively.
These methods are typically implemented using MLPs, which
result in low computational efficiency. Among them, [45]
introduced hash encoders to reduce training time, but its
results showed that it was less effective than the MLP-based
implementation. The second category of methods decomposes
4D scenes into low-dimensional planes [46], [47]], enhancing
scene representation compactness and efficiency.

We believe that incorporating explicit grid features would
enhance the representation of dense scenes. Existing methods
encode explicit features through tensor decomposition [45],
[46] or hash mapping [21] to compactly represent 4D scenes
and improve computational efficiency. However, in 4D CT
scenarios, the utilization of features still needs to be further
optimized to improve reconstruction performance.

C. Neural Fields for CT Reconstruction

Recently, several studies have applied NeRF to CT recon-
struction [48]-[52], demonstrating the great potential of this
method in the field. However, NeRF still faces certain chal-
lenges in 4D CT scenes. Leveraging the decoupling concept
in dynamic NeRF, [5], [18], [[19] have modeled dynamic CT
scenes as a canonical scene and a time-varying deformation
scene. However, since the canonical scene and deformation
scene are jointly optimized, both of them may be distorted
simultaneously, leading to suboptimal solutions. Therefore,

(r) is compared with the actual measured projection I7, (r), and the model is optimized using

these methods usually requires the introduction of prior knowl-
edge or regularization to constrain the model. Maas et al. [|17]]
follows the idea of [21]] to decouple the dynamic and static
regions of the 4D scene into separate radiation fields, and intro-
duces Factorization loss to ensure the correct separation. This
method is similar to our idea. However, it remains questionable
whether the strict separation of dynamic and static components
contributes to improving image quality. In addition, most of
the existing NeRF-based methods are implemented based on
MLPs, which may have limited representation power, often
neglecting detailed information, and are thus restricted to
lower-resolution reconstructions.

III. METHODOLOGY
A. Preliminaries

In dynamic natural scenes, NeRF typically learns a mapping
from 3D coordinates, viewing direction and time to color
and density for NVS. Unlike natural scenes, only isotropic
density (attenuation coefficient) is of interest in CT imaging, so
there is no information about viewing direction and color. The
imaging principle is illustrated in Figure [T}b. In CT imaging,
an X-ray source emits a cone beam of rays. As the rays pass
through the scanned object, their energy is attenuated. A flat-
panel detector then captures the attenuated energy, forming a
projection. Based on Beer law [53]], the measured projection
can be expressed as:

hy

I7,.(r) = Ipexp(— / pu(r(h), 7)dh), (1)

hn

where I7 (r) and Iy represent the ray projection value de-
tected at time 7 and ray source intensity, respectively, h,, and
h represent the near and far ends where the ray intersects the
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reconstruction space. 7(h) = o+ hd represents the coordinate
on the ray. p(r(h), T) represents the attenuation coefficient of
the coordinate r(h) at time 7. Our goal is to learn a function
from the coordinate x € R? and time 7 € R to the attenuation
coefficient ;1 € R, so the model can be expressed as:

Fo: (x,7) = u, 2)

where ® represents learnable parameters. We discretize Eq. 1
and substitute it into Eq. 2 to derive the discrete volumetric
rendering formula, through which the predicted projection
value I” . (r) is obtained. The discrete volumetric rendering

pred
can be expressed as:

M
;red(T) =1Iy eXp(_ZF‘b(r(hi)7T)6i)7 (3)

=0
where §; = |[|r(hi+1) —r(h;)||, represents the distance be-

tween sampling points ¢ and ¢ + 1. Unlike natural scenes, the
attenuation coefficients at various positions in the reconstruc-
tion space of CT scenes have similar importance. Therefore,
we employ layered sampling to evenly distribute the sampling
points along the ray. Finally, we use the L2 Loss between
the predicted and the measured projection value as the loss
function to train the model:
£=3" ) = Lrea)3- @
reB
We do not incorporate any prior knowledge or regularization
terms to ensure the model’s generalization performance. It is
important to emphasize that the ultimate goal of CT recon-
struction is to accurately predict the attenuation coefficient
distribution in the space, rather than novel view synthesis. The
overview of our method can be seen in Figure [2]

B. Combined Hash Grids

To accelerate training, Miiller et al. proposed a multi-
resolution hash grid, which has demonstrated strong perfor-
mance in novel view synthesis and reconstruction tasks for
natural scenes. The hash grid represents the space as voxel
grids of [ levels, each voxel grid stores F'-dimensional features.
Then, each level of the grid is mapped to a hash table through a
spatial hash function [54]. The multi-resolution design of hash
grids allows for efficient learning of high-frequency details in
CT scenes while keeping the model compact.

Specifically, given any dimension coordinate X, each level
extracts the grid features containing the coordinates, and uses
linear interpolation to obtain the output features, and then
concatenates the features of each level. Let D = I - [, the
hash grid feature can be expressed as:

W) = [h1,1(X), .. hpa(X), o hrg (X)) R(X) € RP,

S

In the dynamic CT reconstruction task, a straightforward
approach is to directly use a 4D hash grid to represent the 4D
CT scene. However, the static parts of the scene consume a
significant portion of the 4D hash grid features, resulting in
information redundancy. For example, in a 4D CT reconstruc-
tion task with 7 frames, using a 4D hash grid to encode static
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Fig. 3. Non-local Hash Attention (NHA) function analysis. (a) Reconstruction
result without NHA. (b) Reconstruction result with NHA. (¢) Ground truth.
(d) Weight of 4D hash grid features.

regions would result in each static point being mapped to T
hash table entries with the same value, leading to significant
feature redundancy. Inspired by the dynamic NeRF decoupling
method [21]], we employ both 3D and 4D hash encoders to
represent the 4D scene, with the 3D hash grid responsible
for capturing static regions and reducing redundant feature
storage. Specifically, given normalized spatial coordinates x
and time 7, project them into two hash grids, and concatenate
the output features:

H(X,T) = [th(X),h4D(X,7')],7'[(X7 T) c RDXQ. (6)

We expect the 3D hash grids to handle the task of repre-
senting static regions, but this cannot be guaranteed through
simple feature concatenation alone. From another perspective,
while the combined hash grid offers an excellent solution
space, additional guidance is still needed to help the model
find the optimal solution. Furthermore, hash collisions present
a significant issue. Miiller et al. believe that in sparse
natural scenes, hash collisions can be mitigated by incorporat-
ing hash grid features of different levels, which has minimal
impact on the reconstruction quality. However, in dense 4D
CT scenes, hash collisions significantly degrade the quality of
the reconstructed image (as shown in Figure [3}a).

C. Non-local Hash Attention

Using regularization techniques [17], to strictly decou-
ple the scene is a feasible solution. However, this requires
complex hyperparameter adjustments, which hinder the gen-
eralization of the model and have limited effectiveness in
alleviating hash collisions.

To address these issues, we propose Non-local Hash Atten-
tion (NHA), which leverages the non-local information from
sample points in different hash grids to assist the model in
adaptive feature selection. Unlike NLP or CV tasks, we only
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need to apply self-attention between two hash grid features,
and the sequence length is very short. However, due to the
large number of sample points, minimizing computational
complexity is crucial. We consider that the bottleneck of
the efficiency of the short sequence self-attention is the dot
product, so we aim to reduce the number of dot products as
much as possible.

Inspired by AFT [55]], first, let the combined hash grid
feature of sample point q = (x,7) be H(q) € RP*2 T
represents the number of hash grids (' = 2). After the features
pass through three linear layers W2, WX and WV, we get the
query, key and value:

Q=H(qQWLK =H(qW*, V=H(qQW', (7

where Q, K and V € RP*2 Then, the Hadamard product is
used to achieve efficient interaction between elements:

foren(q) =0 (Q) ® Z (Softmax(K) © V), +H(q), (8)
/=0

where © represents the Hadamard product and o(-) represents
the Sigmoid function. By applying Softmax to the K and
Sigmoid to the Q, the contribution of the value at each
position to the final output can be effectively adjusted.

Figure [3}d visualizes the weight of 4D hash grid features
(weight = Softmax(K)py=1) to each sample point in the
reconstructed image. It can be observed that the NHA tends to
let the 4D hash grid take over the dynamic region (e.g., the left
side of the heart and the top of the lungs, which have higher
weights), while reducing the weight of the static region. This
demonstrates its ability to automatically decouple dynamic
and static regions. In addition, we also observed that NHA
does not fully decouple the scene. We consider this because
the NHA adaptively guides the model to optimize feature
selection based on the load information of the hash table and
the random hash collisions. This partial decoupling is only
the result of optimizing feature selection, which, in contrast
to strict decoupling [[17], [21]], provides greater flexibility in
addressing artifacts caused by hash collisions.

Complexity Analysis. As can be seen from Eq.8, NHA
completely eliminates the dot product, with its computational
complexity stemming from two Hadamard products. There-
fore, its complexity is O(TD). In comparison, multi-head
attention [56] O(T2D) and linear attention [57] O(T'D?) have
higher complexity. In tasks with extremely short sequences and
a large number of sample points, this approach can signifi-
cantly reduce training time with almost minimal performance

loss (see Table [VIII).

D. Masked Positional Encoding

The feature units in the hash grids are usually optimized
independently. Although the grid-based approach helps capture
local details of the scene, it lacks global information and is
prone to introduce noise, resulting in a locally optimal solution
[58]]. The vanilla NeRF encodes global 3D coordinates and
inputs them into the same MLP for scene learning. This MLP
captures global scene information and introduces continuity,
but its representation ability in detail is insufficient.

To combine both coarse global and fine information, we in-
troduce the positional encoding to encode the 4D coordinates,
concatenate the result with f,;,(q), and input them into MLP
(see Figure . Frequency encoding ~(-) can be expressed as:

'VL(q) = [qv -+, sin (2L_17rq) , COS (2L_17Tq)]7 )
where L is the encoding length. However, high-frequency
positional encoding can also easily lead to the model being
overfitted to noise. Our primary goal is to make the MLP
learn low-frequency global information. Inspired by [32], [33],
we introduced a mask that shields high-frequency inputs at
the beginning of the iteration, guiding the model to focus
on low-frequency information and gradually introducing high-
frequency signals as the number of iterations increases. Let
n and N represent the current iteration number and the
total number of iterations, respectively. The mask frequency
encoding can be expressed as:

’Y/L(na Na q) - [mO (n)qa EES) mL—l(n) Sil’l(2L717rq)’

mp_1(n)cos(2X"1xq)], (10)
1 if i< nb

with m;(n) = ¢ 2 — 2| if 2k <i<nip1 (11)
0 it i>nk41

The final predicted attenuation coefficient can be expressed
as:

(@) = MLP([fasen(@), 7' (7, N, Q))). (12)

Mask positional encoding (MPE) introduces global infor-
mation, implicitly smooths the image, helps alleviate noise
and artifacts, and does not require complex regularization
hyperparameter adjustments. In addition, MPE assists NHA
with spatial localization, enabling it to adjust attention weights
based on spatial context rather than relying solely on hash
features.

IV. EXPERIMENTS

A. Dataset Description

1) Medical Datasets: In medical scenarios, object move-
ment primarily arises from periodic breathing. During dynamic
scanning, the motion state of the projections can be determined
using a sensor and assigned to different phases, as illustrated in
Figure [da. We collected chest high-resolution 4D CT datasets,
including 4D extended cardiac torso (XCAT) [59] phantom
and 4D-Lung Cancer Imaging Archive (TCIA) [60]], which
are consistent with [[13]]. Each 4D CT case features a coronal
resolution of 512 x 512, an axial resolution ranging from 70
to 160, and a temporal resolution of 10 (corresponding to
10 respiratory phases). We simulated the scanning mode of
the Varian Medical System and synthesized 100 projections
within a 360° scanning range, where each phase contains 10
projections at different angles.
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Fig. 4. Schematic diagram of scanning modes and projection sampling. (a)
In the medical dataset, due to the periodicity of motion and phase gating
technology, the same state can be sampled from multiple angles. (b) In the
industrial dataset, as the object’s motion state cannot be measured, sampling
is performed sequentially over time.

TABLE I
HYPERPARAMETERS OF HASH GRIDS.
Hyperparameters 3D 4D
Number of levels 16 16
Hash table size 219 220
Feature dimension 2 2
Base resolution 163 16% x 15

Finest resolution 20493 20493 x 300

2) Industrial Datasets: To verify the generalization ability
of our method, we further investigated its reconstruction per-
formance on general object motion. To this end, we collected
4D CT datasetsﬂ of damage and evolution over time of
aluminum products under external forces [5]], which holds sig-
nificant value for analyzing the performance of materials. Each
set of CT images in the dataset features a spatial resolution
of 2563 and a temporal resolution of 60 (corresponding to 60
different motion states). We synthesized 240 projections within
a 180° scanning range, where each motion state contains 4
projections with limited angles. Notably, due to the unpre-
dictability of motion, the projections were labeled in the order
of acquisition time, as illustrated in Figure f}b. Compared
to the medical dataset, the CT images in industrial dataset
contain relatively less high-frequency spatial information but
exhibit higher temporal resolution. Additionally, the limited
viewing angles pose greater challenges for reconstruction. We
provide video demonstrations of various sampling modes in
the Supplementary Material.

Uhttps://library.ucsd.edu/dc/object/bb74156780

B. Implementation Details

Our method is implemented using PyTorch and CUDA
frameworks. The number of iterations per scene is set to 40k,
and each iteration processes 1024 rays. Depending on the
resolution of the reconstructed image, the number of sampling
points per ray is set to 768 for the medical datasets and 320
for the industrial datasets. We use the Adam optimizer, set the
initial learning rate to le-2, and gradually reduce it to le-6
through cosine decay. At the same time, a warm-up mechanism
is added to improve the stability in the early stage of training.
All experiments are completed on a single RTX 4090 GPU.

The hyperparameter settings for the hash grids are detailed
in Table [Il In the Mask positional encoding, L is set to 6.
The tiny MLP consists of 4 fully connected layers with 32
channels, and each layer uses the Softplus activation function.
We use Peak Signalto-Noise Ratio (PSNR) and Structural
Similarity (SSIM) to evaluate the quality of the reconstructed
images.

C. Results and Comparison

1) Results in Medical Datasets: In the medical dataset,
we compare NG-NeRF with various state-of-the-art 4D CT
reconstruction methods, including traditional methods (Gate-
FDK [6]], PICCS [23])), learning-based methods (CycN-Net
[13], TT U-Net [61]), and NeRF-based methods (K-plane
[47]], Hex-plane [46], INR [5], and NeRF-CA [17]). For a
fair of comparison, the training set of TT U-Net is consistent
with CycN-Net. Additionally, K-plane and Hex-plane were
originally designed for NVS in natural scenes. For CT recon-
struction, we adapted them by removing viewing direction and
color-related components while retaining the regularization
techniques.

The quantitative reconstruction results are presented in
Table As shown, our method significantly outperforms
existing methods. Compared to the best NeRF-based method
(NeRF-CA), our method improves PSNR and SSIM by 5.84
dB and 9.71%, respectively. Compared with the best learning-
based method (TT U-Net), our method improves PSNR and
SSIM by 11.31 dB and 10.94%, respectively.

We visualize the reconstruction results of XCAT and two
cases in TCIA at the End-Inhale and End-Exhale in Figure [3]
It can be observed that, in the traditional method, PICCS
employed regularization technology to reduce streak artifacts,
but the resulting image remains relatively blurry.

In the learning-based method, TT U-Net can reproduce clear
image details, but the images are darker overall. This is be-
cause these methods do not reconstruct based on the principles
of CT imaging, leading to inaccurate HU predictions, which
is crucial information in medical diagnosis. In fact, the gen-
eralization problem of learning-based methods is not only re-
flected in the difficulty of applying them to unknown datasets.
Different numbers of perspectives and different reconstruction
preprocessing (Gate-FDK) implementation frameworks also
have a significant impact on the results. We tried our best
to eliminate the impact of generalization, but there are still
problems with inaccurate HU value prediction and incomplete
artifact removal.
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TABLE II
QUANTITATIVE EVALUATION RESULTS ON MEDICAL DATASETS. THE BEST AND SECOND-BEST METHODS ARE HIGHLIGHTED BY BOLD AND UNDERLINE,
RESPECTIVELY.
XCAT 1 2 4 A
Method C Case Case Case 3 Case verage

PSNR  SSIM PSNR  SSIM PSNR  SSIM PSNR  SSIM PSNR  SSIM PSNR  SSIM
Gate-FDK  10.53  0.2609 12,79  0.2872 10.72  0.2622  7.250  0.2008 12.71 02542 10.86  0.2531
PICCS 2172 05652  19.24 05089 21.74 05409 1946  0.4995 19.12 05011 2025  0.5231
CycN-Net 1840  0.8046 19.66  0.8277 20.15 0.7670 2034  0.7551 17.62  0.7343  19.23  0.7777
TT U-Net 2026 0.8992 17.64 0.8159 18.86  0.8107 1898 0.8172 17.55 0.7867 18.65  0.8259
Hex-plane  17.13  0.5458 2240 0.6121 22.17 0.6234 2346  0.6403 22.10 0.5854 2145 0.6014
K-plane 21.49  0.6897 23.09 0.6367 24.01 0.6339 23.08 0.6913 2140 0.6314 22.61 0.6566

INR 21.77 08111 24.67 07379 2045 0.6926 1924  0.6555 2149 0.6361 21.52  0.7066
NeRF-CA 2040  0.8508 25.66  0.8337 27.04 0.8565 2345 0.8394 24.04 0.8106 24.12  0.8382
Ours 2607 09453 3043 09290 31.52 0.9388 31.27 0.9380 30.49 0.9254 2996  0.9353
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Fig. 5. Visualizing reconstruction results of medical datasets. We present the reconstruction results at the End-Exhale, Mid-Inhale and End-Inhale of the
breathing cycle for different cases, with distinct colors used to differentiate between cases. The display window is set to a range of [-1000, 500] HU.

In the NeRF-based method, K-plane and Hex-plane repre- ture global information and produce smoother reconstructions,
sent 4D scenes based on grid features. Since the grid features but they lack high-frequency details and require extensive
are optimized independently, there is significant noise. INR hyperparameter tuning for optimal reconstruction quality. In
and NeRF-CA represent 4D scenes using MLPs, which cap- contrast, our method outperforms existing methods in both

Authorized licensed use limited to: National Univ of Defense Tech. Downloaded on January 04,2026 at 03:23:25 UTC from IEEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Circuits and Systems for Video Technology. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2025.3600922

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. *, NO. *, MARCH 2024 8

TABLE III
QUANTITATIVE EVALUATION RESULTS ON INDUSTRIAL DATASETS. THE BEST AND SECOND-BEST METHODS ARE HIGHLIGHTED BY BOLD AND
UNDERLINE, RESPECTIVELY.

Method Alum 1 Alum 2 Alum 3 Alum 4 Alum 5 Average
etho PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Hex-plane 1937  0.8087 19.63  0.8133 2252  0.8295 21.38 0.8420 18.58  0.8181 2029  0.8223
K-plane 20.01 09310 19.87 09389 2193 09455 23.09 0.9656 18.21 09384 20.62  0.9439
INR 2273 09379 1971 09066 21.56 09100 23.12  0.9457 20.22 09155 2147 0.9231
NeRF-CA 2233 09630 2127 09671 26.51 09766 2399 09747 18.84  0.9462 22.59  0.9655
Ours 2649 09788 2471 09746 28.85  0.9827 27.77 0.9821 2215 0.9622 2599  0.9761
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Fig. 6. Visualizing reconstruction results of industrial datasets. We present the rendering results at the beginning (7 = 0) and end (7 = 1) of the deformation
process of aluminum products, accompanied by slice results in the bottom right corner.

local detail preservation and overall visual effects.

2) Results in Industrial Datasets: Since motion signals can-
not be perceived, we excluded traditional and learning-based
methods that rely on motion signals from the comparison. The
quantitative results are shown in Table which can be seen
that our method outperforms the second-best method (NeRF-
CA) by 3.4 dB in PSNR and 1.06% in SSIM.

Compared to the medical dataset, the 4D CT images in
the industrial dataset contain less high-frequency spatial in-
formation, and the implicit smoothing characteristics of the

MLP-based methods (INR and NeRF-CA) give them certain
advantages in this dataset. However, as can be seen from the
visualization results in Figure [6] these methods still struggle
to capture fine details at the edges. We present dynamic
reconstruction results in the Supplementary Material.

3) Results in Natural Scenes: 4D Natural Scenes. To
investigate the potential of NG-NeRF in 4D natural scenes, we
partially modified its model architecture and sampling strategy.
Specifically, we introduced a viewing direction-dependent
color output branch and adopted the coarse-to-fine sampling
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Fig. 7. Visual analysis of key components.
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Ours (Bi-NeRF-821)

Bi-NeRF-S2

Bi-NeRF-S2

Ground Truth

Fig. 8. Visualizing reconstruction results of Synthetic-NeRF datasets. The
symbol findicates that NHA is used. Incorporating NHA results in smoother
rendered images while introducing only a small number of additional param-
eters.

TABLE IV
QUANTITATIVE EVALUATION RESULTS ON D-NERF DATASETS. THE BEST
AND SECOND-BEST METHODS ARE HIGHLIGHTED BY BOLD AND
UNDERLINE, RESPECTIVELY.

Method PSNR  SSIM LIPIS
Hex-plane | 31.01  0.9679  0.0495
K-plane 31.57 09713  0.0427
Ours 31.06  0.9681  0.0452

scheme to enable it to be applied to natural scenes. The
model was evaluated on the D-NeRF dataset [41]], with both
quantitative and qualitative results presented in Table [[V]
The results indicate that our method does not outperform
K-Plane and Hex-Plane. We attribute this to two main factors:
First, in the novel view synthesis (NVS) task for sparse
natural scenes, the effect of hash collisions is minimal. The
multi-resolution design of the hash grid is already sufficient
to mitigate collisions, which limits the effectiveness of our
proposed NHA. Second, K-Plane and Hex-Plane incorporate
low-rank regularization through tensor decomposition during
optimization, constraining the parameter space to avoid over-
fitting and thereby achieving better synthesis quality [35]. In
contrast, NG-NeRF is better suited for reconstructing high-
rank scenes and shows limited advantage in the NVS task.
3D Natural Scenes. In the study of NeRF compression,
similar combined hash grid strategies have been employed.
For example, Bi-NeRF utilizes 2D-3D hybrid binary hash
grids to represent 3D scenes. However, it does not establish

+3D Hash. +MPE +NHA(Ours)

GT
TABLE V

QUANTITATIVE EVALUATION RESULTS ON SYNTHETIC-NERF DATASETS.
THE SYMBOL fINDICATES THAT NHA IS USED. THE BEST METHODS ARE
HIGHLIGHTED BY BOLD.

Method PSNR  SSIM LIPIS Param

Bi-NeRF-S2 3201 09532 0.0567 047M

Bi-NeRF-B2 32.65 09577 0.0491 148 M

Bi-NeRF-S21 | 3227 09549 0.0521 0.52 M

Bi-NeRF-B27 | 32.81 09598 0.0435 1.53 M
TABLE VI

ABLATION EXPERIMENTS OF KEY COMPONENTS.

Baseline 3D hash. MPE NHA Time Param PSNR SSIM
v 16 min 11277 M | 21.83  0.7320
v v 21 min 15948 M | 2321  0.8435
v v v 25 min 15950 M | 24.88  0.8693
v v v 41 min  159.51 M | 2641 09211
v v v v 45 min 15953 M | 29.96 0.9353

non-local dependencies between different hash grids.

To further evaluate the effectiveness of NHA in combined
hash grid settings, we conducted experiments on the synthetic
NeRF dataset [I6]]. The results are shown in Figure [§] and
Table [V] After integrating NHA, hash collisions caused by
model compression are alleviated, and the performance of Bi-
NeRF is improved, with only a modest increase in model
parameters (0.05 M). These findings indicate that our method
also achieves strong performance when applied to compressed
hybrid hash grid structures.

D. Ablation Study

We conduct ablation experiments on medical datasets to
study the impact of different components on model perfor-
mance.

1) Key Components Ablation: We conducted the ablation
study to evaluate the impact of key components on the model’s
reconstruction performance and efficiency. Using a single
4D hash grid as the baseline, we sequentially incorporated
additional components: a 3D hash grid for combined repre-
sentation (3D hash.), Non-local Hash Attention (NHA), and
Mask Positional Encoder (MPE). The quantitative results are
shown in Table [VII
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TABLE VII
ABLATION EXPERIMENTS OF COMBINED HASH GRIDS. THE SYMBOL
FINDICATES THAT MPE AND NHA ARE USED.

Method Time Param PSNR  SSIM
Baseline 16 min 11277 M | 21.83  0.7320
4D + 4D 26 min 22551 M | 21.97  0.7560
4D + 4D # 51 min 225.55M | 23.08 0.8268
4 x 3D 29 min  186.89 M | 24.11 0.8673
4 x 3D % 72 min 18697 M | 29.78  0.9329
4D + 4 x 3D 40 min 29954 M | 24.78  0.8659
4D +4 x 3D % 87 min  299.73 M 29.76 09315
3D + 4D 21 min 15948 M 23.21 0.8435
3D + 4D §(Ours) 45 min 15953 M | 29.95 0.9353
TABLE VIII
ABLATION EXPERIMENTS OF ATTENTION.
Method Time Param PSNR  SSIM
Multi-Head Attention 68 min 15948 M | 30.21  0.9320
Linear-attention 90 min  159.53 M | 29.62 0.9284
Performer 90 min 15953 M | 30.08 0.9322
Ours 45 min 15953 M | 29.95  0.9353
In terms of reconstruction performance, the baseline

achieves a PSNR score of 21.83 dB. When the 3D hash
grid is added for combined representation, the performance
improves by 1.38 dB. Further incorporating the MPE results
in an additional improvement of 1.67 dB. The inclusion of
NHA leads to a significant improvement of 5.08 dB. While
NHA noticeably increases the training time, it also leads to a
substantial boost in performance.

It is worth noting that the performance improvement from
line 2 to line 3 and from line 4 to line 5 in Table [VI| suggests
that MPE is more effective when NHA is present. This is
because MPE not only introduces global continuity but also
assists NHA in spatial positioning, allowing it to attend based
on spatial context rather than solely on raw hash features.

In terms of storage size, the overall number of parameters
in the model primarily depends on the size and number of
hash grids. Specifically, the addition of the 3D hash grid
increases the number of parameters by 46.71 M, while the
other components have minimal impact on the total number
of parameters. Notably, we use a 159.53 M parameter model
to represent approximately 3.2 G of 4D CT image, achieving
a compression rate of 20 times while maintaining high fidelity,
demonstrating the model’s compactness.

Figure [/| more intuitively illustrates the impact of different
components on the visual quality of the reconstruction results.
It can be observed that both MPE and NHA enhance image
clarity in detailed regions (e.g., vessels) and improve the
smoothness of homogeneous regions (e.g., liver). More dy-
namic reconstruction results can be seen in the Supplementary
Material.

2) Combined Hash Grid Analysis: We tested various hash
grid combinations, including two 4D hash grids (4D + 4D),
a combination of four 3D hash grids that are mutually or-
thogonal in 4D space (4 x 3D: zyz,zyt,xzt,yzt), and a
combination of 4D + 4 x 3D, and analyzed their effects
on the reconstruction performance. The results are shown in
Table

It can be observed that when no 3D hash grid representing

the static region (4D + 4D), the reconstruction quality is poor,
and even with the use of NHA and MPE, the improvement is
limited. This is because the static hash grid more effectively
alleviate the temporal redundancy of the static region. The 4 x
3D combination method includes a static hash grid and applies
the ideas of decomposition, yielding good results. However,
compared to our combination method, it introduces more
hash grids, thereby increasing the sequence length of non-
local operations and increasing training time. The combination
of 4D + 4 x 3D faces similar efficiency problems. While
more parameters help capture details, they also increase the
risk of overfitting. Considering the number of parameters,
reconstruction time and reconstruction quality, the 3D + 4D
combination is the best choice.

3) Non-local Hash Attention Analysis: As shown in Fig-
ure [3] Figure [7}] and Table NHA significantly enhances
reconstruction quality. To further evaluate its effectiveness,
we replaced NHA with other attention approaches, including
Multi-Head Attention [56], Linear Attention [57|], and Per-
former [62], and analyzed their performance within the model.
The results are summarized in Table

It can be seen that different attention approaches provide
similar functionality with negligible differences in reconstruc-
tion performance, but they result in a notable increase in
reconstruction time. This is because both linear O(7'D?) and
quadratic O(T?D) complexity approaches involve the dot
product, which significantly prolongs training. In addition,
recent linear attention approaches, such as Mamba [63], [64]]
and RWKYV [65] are designed for longer sequences. However,
this paper only needs to establish non-local dependencies for
extremely short sequences (sequence length is 2), rendering
such approaches less suitable for our application. In contrast,
NHA completely eliminates the dot product and reduces the
complexity to O(T' D) without compromising performance.

4) Sparse View and Regularization Analysis: We analyze
the reconstruction quality of different methods under sparse
views, which is critical for radiation dose reduction studies.
Figure[I0|presents the reconstruction results for varying sparse
numbers of views. Surprisingly, at 40 views, our method
outperforms other algorithms. However, at 20 views, our
method shows a slight drop in PSNR compared to K-plane.
This is because, unlike other methods, our framework does
not incorporate regularization or prior knowledge in order to
preserve strong generalization across diverse CT scenarios.
However, in cases of extremely limited views, regularization
can more effectively constrain the solution space and reduce
reconstruction ambiguity.

To investigate the effect of regularization on sparse view
reconstruction quality, we introduced Total Variation (TV)
regularization loss with a weight coefficient of le-3, and
evaluated its performance under varying numbers of input
views. As shown in Figure [9] and Figure when the
number of views is extremely sparse (less than 60), TV
loss significantly suppresses reconstruction noise. However,
as the number of views increases, TV loss tends to introduce
over-smoothing, which may hinder the preservation of high-
frequency details. In such cases, reducing the weight of the TV
loss could improve performance. However, doing so requires
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Fig. 9. Visual analysis of TV loss under different numbers of views. (a) 20 views without TV loss. (b) 20 views with TV loss. (c) 100 views without TV

loss. (d) 100 views with TV loss. (e) Ground Truth.
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Fig. 10. The number of training views analysis. * indicates using TV loss.

careful tuning to adapt to different CT scenarios, which may
be difficult to generalize in practical applications.

Therefore, to balance model generalization with reconstruc-
tion performance under sparse view conditions, we recom-
mend applying TV regularization only when the number of
input views is extremely limited (e.g., 60 views or fewer).

V. CONCLUSION AND LIMITATIONS

In this paper, we propose a novel 4D CT reconstruction
method NG-NeRF. We represent the 4D CT scene using the
combination of 3D and 4D hash grids, and design non-local
hash attention to establish dependencies between different hash
grids. This mechanism plays an important role in optimizing
feature selection and balancing the hash table load, thereby
significantly alleviating the issue of hash collisions and achiev-
ing the decoupling of dynamic and static regions. Additionally,
we incorporate mask positional encoding to introduce global
information, prevent model overfitting to noise, and further
mitigate the impact of hash collisions. Our method does not
rely on regularization techniques and complex hyperparameter
tuning. Experimental results on medical and industrial datasets
with different scanning modes demonstrate that the proposed
method outperforms existing methods in reconstruction qual-
ity, and provides valuable insights for tasks such as dense
scene reconstruction and model compression.

Limitations: Although the proposed method substantially
improves reconstruction quality, the increased training time
remains a noteworthy limitation. Certain clinical scenarios,
such as the diagnosis of aortic dissection or acute trauma,
impose stringent requirements on reconstruction speed.

The current NHA module nearly doubles the training time,
yet it contributes significantly to the improvement of recon-

struction quality. Therefore, while continuing to utilize its
nonlocal design principles, exploring more computationally
efficient alternative architectures, such as nonlocal mean fil-
tering [66], is an important direction. In addition, the highly
parallelized differentiable rasterization technique used in 3D
Gaussian Splatting (3DGS) [67], has demonstrated a
substantial reduction in training time. Extending this repre-
sentation to 4D CT reconstruction tasks holds promise for
achieving even faster training time.
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