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Abstract

We propose a dynamic Computed Tomography (CT) recon-
struction framework called STNF4D (SpatioTemporal-aware
Neural Fields). First, we represent the 4D scene using four
orthogonal volumes and compress these volumes into more
compact hash grids. Compared to the plane decomposition
method, this method enhances the model’s capacity while
keeping the representation compact and efficient. However,
in densely predicted high-resolution dynamic CT scenes, the
lack of constraints and hash conflicts in the hash grid features
lead to obvious dot-like artifact and blurring in the recon-
structed images. To address these issues, we propose the Spa-
tiotemporal Transformer (ST-Former) that guides the model
in selecting and optimizing features by sensing the spatiotem-
poral information in different hash grids, significantly im-
proving the quality of reconstructed images. We conducted
experiments on medical and industrial datasets covering var-
ious motion types, sampling modes, and reconstruction res-
olutions. Experimental results show that our method outper-
forms the second-best by 5.99 dB and 4.11 dB in medical and
industrial scenes, respectively.

Code — https://qingyangzhou69.github.io/STNF4D

Introduction

Traditional Computed Tomography (CT) reconstruction
technology leverages the penetrating properties of X-rays to
reveal detailed internal structures of objects (Kak and Slaney
2001). In scenes where the scanned object is moving (4D-
CT), 3D-CT reconstruction technology struggles to capture
the dynamic process, which has various applications ranging
from medical radiation therapy (Jaffray et al. 2002; Zhang
et al. 2024) to industrial material analysis (Reed et al. 2021).

The process of medical 4D-CT scanning generally applies
motion sensors to capture motion state (phase) signals and
collect projections only at specific phases. The vanilla 4D
reconstruction method uses the projections of each phase
for independent reconstruction (gated reconstruction). How-
ever, this method will cause streak artifacts under the lim-
ited number of projection acquisitions (Vergalasova and
Cai 2020). Existing learning-based methods typically utilize
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Convolutional Neural Networks (CNNs) to remove streak
artifacts in the image domain (Zhi et al. 2021; Yang et al.
2022; Deng et al. 2024), achieving promising results in the
field of medical 4D-CT reconstruction. Nevertheless, these
methods require a large amount of training data, and due
to the inherent limitations of CNNs and computational con-
straints, these methods encounter challenges in capturing 4D
spatiotemporal information and generalizing across different
scenes and is difficult to apply to scenes where the motion
state is unknown (e.g. industrial scene).

Compared to medical scenes, it becomes even more chal-
lenging in industrial applications to capture aperiodic ob-
ject motions. Existing methods for addressing such aperi-
odic motion (Reed et al. 2021; Mohan et al. 2015) typically
focus on low-resolution reconstruction scenes.

Recently, the success of NeRF (Mildenhall et al. 2021;
Chen et al. 2023; Liao et al. 2024) in natural scene recon-
struction has provided a feasible solution for CT reconstruc-
tion (Zha, Zhang, and Li 2022; Riickert et al. 2022; Cai
et al. 2024). However, existing NeRF-based 4D-CT recon-
struction methods (Reed et al. 2021; Zhang et al. 2023;
Shao et al. 2024) only support dynamic CT reconstruction
at low resolutions. There are two possible reasons. First,
due to the nature of X-rays to penetrate objects, they usu-
ally bring more information than natural light, as shown in
Figure 1. CT scenes need to pay more attention to the entire
reconstruction space (with a higher rank), especially in 4D
high-resolution scenes, thereby imposing greater demands
on model representation capabilities. Secondly, although ex-
isting grid-based (Fang et al. 2022; Miiller et al. 2022) and
plane-based (Cao and Johnson 2023; Fridovich-Keil et al.
2023; Shao et al. 2023) methods can flexibly improve model
capacity, such discrete features are not fully utilized with the
lack of constraints. Simply expanding the model scale also
brings limited improvement.

To address the above problems, we propose a new
framework, STNF4D. Inspired by plane decomposi-
tion (Fridovich-Keil et al. 2023; Cao and Johnson 2023),
we decompose the 4D scene into four orthogonal volumes
that map to hash grids. This approach aims at a more com-
pact and efficient 4D representation. However, in densely
predicted high-resolution dynamic CT scenes, the lack of
constraints and hash conflicts in the hash grid features re-
sult in obvious dot-like artifacts and blurring in the recon-
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Figure 1: (a) Natural scene reconstruction focuses on the ob-
ject surface. (b) CT scene reconstruction focuses on the en-
tire spatial volume.

structed images. To overcome this issue, we proposed a Spa-
tiotemporal Transformer (ST-Former), which performs self-
attention on the corresponding spatiotemporal features of the
sampling points in different hash grids, guiding the model in
feature selection and significantly improving the quality of
the reconstructed images. We conduct experiments on high-
resolution medical and industrial datasets to evaluate the re-
construction performance across various scenes and sam-
pling modes. Our method consistently outperforms the ex-
isting approaches by a significant margin in all datasets. Our
contributions can be summarized as follows:

* A self-supervised framework that achieves high-quality
4D-CT reconstruction across various scenes.

 Several technical designs, including the 4D hash grid rep-
resentation and spatiotemporal transformer, ensure the
reconstruction quality and reduce hash conflicts.

» Extensive experiments on medical and industrial datasets
demonstrate the superiority of our method under various
scenes and sampling modes.

Related Work
4D-CT Reconstruction

Traditional 4D-CT reconstruction methods typically use mo-
tion modeling to create deformation vector fields (DVFs)
that compensate for object motion and reduce reconstruc-
tion artifacts. DVFs can be obtained through non-rigid reg-
istration between 4D-CT images of different phases (Brehm
et al. 2013; Zhang et al. 2010; Li, Koong, and Xing 2007),
or directly from projection data (Fridovich-Keil et al. 2023;
Zeng, Fessler, and Balter 2007). However, registration tech-
niques can introduce errors, and optimizing DVFs is chal-
lenging. Many methods (Wang and Gu 2013; Zhang et al.
2017) address this by incorporating multiple regularization
terms based on prior knowledge into the reconstruction pro-
cess. Nonetheless, excessive regularization can limit the di-
versity of motion representation and impair the algorithm’s
adaptability to various motion and sampling modes (Chee
et al. 2019).

Learning-based methods for reconstruction often focus on
reducing streak artifacts in the image domain by training
CNNs on large artifact-free datasets (Qi and Chen 2011).
However, this approach requires extensive datasets without
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artifacts and cannot be applied to unknown scenes. Fur-
thermore, existing methods capture relevant information be-
tween 2D CT slices at different phases using 3D convolu-
tion (Deng et al. 2024), 2D+t convolution (Zhi et al. 2021),
or Transformer (Deng et al. 2023). However, due to limita-
tions in computing power, learning-based methods often dis-
regard the spatial information of the CT volume within the
same time sequence, thereby limiting reconstruction perfor-
mance.

Although widely adopted, previous methods have strug-
gled to meet the demands of generalization across various
scenes and high-quality 4D-CT reconstruction. We believe
that the community still needs a method that simultaneously
satisfies both demands.

Neural Rendering for Dynamic Scene

Neural Radiance Fields (NeRF) for dynamic scene recon-
struction is a significant branch of NeRF research. Gener-
ally, dynamic NeRF can be represented in two ways. The
first decouples the dynamic scene into a canonical space
and a time-varying deformation field (Pumarola et al. 2021;
Park et al. 2021; Song et al. 2023). This method offers high
flexibility, but usually relies on implicit neural representa-
tions and exhibits low convergence and inference speeds.
The second approach represents the 4D scene using voxel
grids (Fang et al. 2022; Miiller et al. 2022) or planes (Shao
et al. 2023; Cao and Johnson 2023; Fridovich-Keil et al.
2023). This method models the space more explicitly, can
flexibly improve the capacity of the model, and improves
both training speed and rendering accuracy. However, the
lack of sufficient constraints on discrete features leads to in-
sufficient feature utilization.

The K-plane (Fridovich-Keil et al. 2023) and Hex-
plane (Cao and Johnson 2023) used six planes to represent
4D scenes. Inspired by this, we decompose the 4D scene into
3D volumes and establish dependencies between the spa-
tiotemporal features in different volumes to improve feature
utilization.

Neural Rendering for Dynamic CT Reconstruction

Recently, many studies have developed CT reconstruction
algorithms based on NeRF (Riickert et al. 2022; Cai et al.
2024; Zha, Zhang, and Li 2022), demonstrating the potential
of NeRF in static CT. However, in the field of dynamic re-
construction, great challenges are still faced. Existing meth-
ods (Reed et al. 2021; Zhang et al. 2023; Shao et al. 2024)
model dynamic CT scenes as a combination of a static field
using implicit neural representation and a dynamic field that
evolves over time, similar to the decoupling methods of
NeRF. While this method leverages the flexibility of implicit
neural representation to better accommodate complex non-
linear motions, it overlooks the model’s representation ca-
pacity and is limited to lower-resolution reconstructions.

In this paper, we improve the model’s representation abil-
ity by introducing 4D hash grid representation and spa-
tiotemporal Transformer.
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Figure 2: Method overview. (a) We decompose the dynamic scene into four orthogonal volumes that map to hash grids. The
coordinate q is projected into the four volumes respectively to obtain the spatiotemporal features f(q). (b) Then, f(q) is input
into (d) ST-Former to establish the spatiotemporal feature dependencies, obtain the attention features f,;.(q), and use a tiny
MLP to decode f,;:(q) to obtain the predicted attenuation coefficient u. (c) We follow Beer’s law for volume rendering, obtain
the predicted projection values, and use the TV regularization and MSE loss to optimize the model.

Method

In this section, we first introduce the problem formulation of
the 4D-CT reconstruction inspired by NeRF. Then, we pro-
vide a detailed description of the STNF4D framework in-
cluding the 4D hash grid representation and spatiotemporal
transformer.

Problem Formulation

In natural scenes, NeRF usually learns to map from 3D co-
ordinates x € R? and viewing direction d € R? to density
o € Randcolore € R3. In dynamic natural scenes, the time
dimension ¢ € R is extended, and NeRF can be expressed
as:

Fo(x,d,t) — (c,0). 1)

Unlike natural scenes, there is no viewing direction and
color information in CT scenes. The imaging principle is
shown in Figure 1. In cone beam CT, the ray source emits
cone beam X-rays, which attenuate energy after passing
through the scanned object. The flat-panel detector detects
the attenuated rays energy and generates a projection. Ac-
cording to Beer’s law (Kak and Slaney 2001), the attenuation
of the rays is related to the object’s thickness and its atten-
uation coefficient. The concept of attenuation coefficient is
similar to density. The rendering function can be expressed
as:

hy

1) =hese(- [ utem.odm), @

hn

where [ g)T(r) is the energy intensity of ray r after atten-
uation, and I represents the bright field value (ray source
intensity) detected in the absence of a target. p(r(h), t) rep-
resents the attenuation coefficient at the position of ray r(h)
and time ¢. Among them, r(h) = o + hd, o is the coordi-
nate of the ray source, and d is the direction vector from the
ray source to the detector pixel. hy and h,, represent the far
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and near ends of the reconstruction space on the ray, respec-
tively. The ray source and detector rotate around the scanned
object to obtain multi-view projections. Our goal is to learn
a mapping from coordinates x and time ¢ to attenuation coef-
ficients through multiple view projection images. The neural
attenuation field can be expressed as:

Fyp(x,t) = p, 3)

where Fp represents a mapping function with learnable pa-
rameters ®. Discretizing Eq.2, we can get the predicted pro-
jection:

N
19 ,(0) = Ipexp(— Y p(r(hi), 0)8), ()
1=0

where N represents the number of ray sampling points,
while §; denotes the distance between consecutive sampling
points 7 and 7 + 1. Unlike natural scenes, we employ lay-
ered sampling to ensure that the sampling points can cover
the entire reconstruction space. It’s important to note that
in CT reconstruction, the primary task is predicting atten-
uation coefficients at specific coordinates rather than novel
view synthesis. In addition, ¢ represents the motion state in
medical 4D-CT reconstruction (see Figure 4 for details).

4D Hash Grid Representation

Compared to natural scenes, which emphasize surface infor-
mation, CT scenes focus on the entire reconstruction space,
resulting in a higher rank, especially in 4D high-resolution
medical imaging. This characteristic imposes greater de-
mands on the model’s representation capability.

As shown in Figure 2-a, to enhance the model’s repre-
sentation capability, we extend the decomposition method
by decomposing the 4D scene into four orthogonal volumes,
which are then compressed into the hash grids through hash
mapping (Miiller et al. 2022). The hash grids are divided
into a spatial grid G xyz and spatiotemporal grids Gxyr,
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Figure 3: Compare the reconstruction results with and with-
out the ST-Former. It can be seen that SF-Former greatly
alleviates dot-like artifacts and blur.

Gy z7 and G xzp. Assuming that the temporal and spatial
resolutions are M, the size of each grid is M 3% C, where C
represents the length of the feature. For simplicity, we ignore
multi-scale resolution. Let the coordinate q = (z,y, 2, t),
we normalize it and project it into the hash grid, and we can

get the feature:
f(q), = P(Gs,q), (%)

where P is the projection function, and s represents the hash
grid index. This projection operation is repeated for each s €
S grid and concatenated grid features as follows:

f(a) = | f(q),,f(q) € R
ses
Different from the K-plane (Fridovich-Keil et al. 2023),
which uses the Hadamard product for features in different
planes, the Hadamard product can easily cause spatial local
signals to shift due to hash conflicts. Therefore, we concate-
nate features from different hash tables.

(6)

Spatiotemporal Transformer

There are hash conflicts in the hash mapping process.
Instant-ngp (Miiller et al. 2022) addresses this issue by using
a tiny Multilayer Perceptron (MLP) to mitigate the effects
of these collisions implicitly. However, the dense prediction
nature of dynamic CT scenes exacerbates the impact of hash
collisions, which is difficult for MLP to handle. Roughly in-
creasing the size of the hash table can alleviate this problem
to a certain extent, but it is easy to cause large memory over-
head. Additionally, the grid features lack constraints, result-
ing in low feature utilization and feature redundancy.

To address these challenges, we propose a spatiotempo-
ral Transformer (ST-Former) that enhances feature selection
by perceiving the dependency relationships across different
hash grids. This approach helps avoid features with hash
conflicts and increases feature utilization. As shown in Fig-
ure 2-d, let the concatenated feature of the sampling point q
across multiple hash grids be f(q) € R**“ . First, we use the
linear layer to extract the query, key, and value components
from f(q).

Q=f(@W K =W, V=fgW", (7
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Figure 4: Schematic diagram of sampling views and motion
state. (a) Sparse view sampling mode for medical images.
Due to the periodicity of motion and phase-gating technol-
ogy, sampling can be performed from multiple angles in the
same motion state (phase). (b) Limited angle sampling mode
for general object motion. Due to the unpredictable motion,
sampling can only be performed from limited angles in the
same motion state.

where WQ, WX and WY € RE*C The final output features
can be expressed as:

K'Q
VC

We perform self-attention on the spatiotemporal features
of a single sample point in different hash grids. Considering
the large number of sampling points, we did not use multi-
head attention or more complex attention structures. Nev-
ertheless, the results achieved with this simple approach are
remarkable (as shown in Figure 3), and it also offers valuable
insights into the issue of hash collisions in 3D reconstruction
based on hash encoders.

f.+:(q) = softmax( YWVH(q). (8)

Optimization
We optimize the model by using the mean square error be-

tween the projections calculated by Eq.3 and the measured
projections, as well as the total variation (TV) regularization.

2
Lot =, | 15rea0) = 15 0) |+ 2020 (€), )

where B represents the number of rays in a batchsize. We di-
rectly compute the TV loss on the predicted attenuation co-
efficients. To maintain generalizability across various types
of motion, we refrained from imposing constraints on object
motion.

[(t)

pred

Experiment
Datasets

Medical dataset Medical 4D-CT usually has a specific
sampling mode. Due to the periodicity of breathing, gat-
ing technology is used to scan and generate projection im-
ages only in a specific motion state (phase). The relationship



Method XCAT Case 1 Case 2 Case 3 Case 4 Average
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 0.2542 10.86 0.2531
PICCS 2172 0.5652 19.24 0.5089 21.74 0.5409 1946 04995 19.12 0.5011 2025 0.5231
INR 21.77 0.8111 24.67 0.7379 2045 0.6926 19.24 0.6555 21.49 0.6361 21.52 0.7066
Hex-plane | 17.13 0.5458 2240 0.6121 22.17 0.6234 23.46 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
CycN-Net | 18.40 0.8046 19.66 0.8277 20.15 0.7670 2034 0.7551 17.62 0.7343 19.23 0.7777
TT-U-Net | 20.26 0.8992 17.64 0.8159 18.86 0.8107 1898 0.8172 17.55 0.7867 18.65 0.8259
Ours 25.16 0.9397 2810 0.9072 31.18 0.9261 28.79 09154 29.8 09156 28.60 0.9208

Table 1: Quantitative comparison on the medical dataset. We bold the best results and underline the second-best.

XCAT

Casel

Case2

PICCS

Gate-FDK Hex-plane

Qeyxy pug

afeyxg pug afequy pug

afequy pug

afeyxg pug

Jreyuy pug

TT-U-Net Ours

Figure 5: Visualization results of the medical dataset. We assign different colors to different cases and show the reconstruction
results of the End-Inhale and End-Exhale for each case. The display window is set to [-1000, 500] HU for reconstructed images.

between projection acquisition and the respiratory phase is
shown in Figure 4-a. We collected 4D extended cardiac-
torso (XCAT) (Segars et al. 2008) phantom and real pa-
tient 4D-CT images from 4D-Lung Cancer Imaging Archive
(TCIA) (Hugo et al. 2017), which were consistent with (Zhi
et al. 2021). Each 4D-CT image has an XY-axis resolution
of 512 x 512, with the Z-axis resolution varying between
70 and 160, and contains 10 CT volumes, representing 10
respiratory phases. We followed the scanning mode of Var-
ian Medical System (Palo Alto, CA) and synthesized 100
projections within 360°, with each phase containing 10 pro-
jections at sparse viewing angles.

Industrial dataset Due to the singleness of medical CT
scanning modes and the predictability of motion states, we
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further explore different scanning modes and more general
object motion. We collected the dataset (Reed et al. 2021)
of aluminum products’ damage and evolution under various
external forces, which provides valuable information for ma-
terial performance and safety. Each 4D-CT image set in this
dataset has a resolution of 2562 and contains 60 CT vol-
umes, representing 60 unpredictable motion states. We syn-
thesized 240 projection images within a range of 180°, and
each motion state contains projections at 4 different angles.
Unlike the medical dataset, the projections of each motion
state in the industrial dataset have limited viewing angles,
which greatly increases the difficulty of reconstruction, as
shown in Figure 4-b.
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Figure 6: Visualization results of industrial dataset. We show the rendering and tomographic slice results (bottom right) at the
beginning (¢ = 0) and end (¢ = 1) of the aluminum product deformation.

Method Alum 1 Alum 2 Alum 3 Alum 4 Alum 5 Average
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
INR 22.73 09379 19.71 09066 21.56 09100 23.12 0.9457 20.22 09155 2146 0.9231
Hex-plane | 19.37 0.8087 19.63 0.8133 22.52 0.8295 2138 0.8420 18.58 0.8181 20.29 0.8223
K-plane | 20.01 0.9310 19.87 0.9389 2193 0.9455 23.09 0.9656 1821 0.9384 20.62 0.9439
Ours 26.21 09795 25,59 0.9786 27.06 0.9800 27.21 0.9824 21.77 0.9605 25.57 0.9762

Table 2: Quantitative comparison on the industrial dataset. We bold the best results and underline the second-best.

Implementation Details

Our method is implemented based on Pytorch, and all ex-
periments are completed on a single RTX 4090 GPU. The
model is optimized using the Adam optimizer. The initial
learning rate is set to le-2, and the learning rate is reduced
to le-6 using the cosine decay strategy. The number of it-
erations for each scene is 40k, and the number of rays per
batch is 1024. In the medical dataset, the number of sam-
pling points per ray is 768; in the industrial dataset, the num-
ber of sampling points per ray is 320. We use Peak Signal-
to-Noise ratio (PSNR) and Structural Similarity (SSIM) to
evaluate the reconstruction quality of the reconstructed im-
ages quantitatively. More details can be found in the Supple-
mentary Material.

Comparison

Results on medical dataset To verify the effectiveness
of the proposed method, we compared it with traditional
methods (Gate-FDK (Feldkamp, Davis, and Kress 1984),
PICCS (Qi and Chen 2011)) and NeRF-based methods (K-
Plane (Fridovich-Keil et al. 2023), Hex-Plane (Cao and
Johnson 2023) and INR (Reed et al. 2021)). In addition,
we compared two learning-based 4D-CT reconstruction
methods(CycN-Net (Zhi et al. 2021) and TT-U-Net (Deng
et al. 2023)), where CycN-Net collected 17 high-quality 4D-
CT images from TCIA (Hugo et al. 2017) for training, and
TT-U-Net training data was consistent with CycN-Net.

10839

The quantitative results of the medical dataset experi-
ments are shown in Table 1. Compared with the NeRF-based
SOTA method K-plane, our method has a PSNR and SSIM
that are 5.99 dB and 26.42% higher, respectively. Compared
to the best learning-based method (TT-U-Net), our method
achieves a PSNR and SSIM increase of 9.49 dB and 9.95%,
respectively. It can be seen that the proposed method is far
superior to existing 4D-CT reconstruction methods.

Figure 5 shows the visual results of the End-Inhale and
End-Exhale phases for 3 cases from the XCAT phantom
and TCIA. It can be observed that the traditional method,
Gate-FDK, exhibits significant streak artifacts under sparse
views, while PICCS uses regularization to smooth the im-
ages, but they remain relatively blurry. In the NeRF-based
methods, INR lacks sufficient model capacity, resulting in
the loss of high-frequency details. Hex-plane and K-plane
have grid-like artifacts due to the lack of feature constraints.
The learning-based method performs better in overall vision,
but due to the difficulty of convolutional neural networks in
perceiving 4D information, there are still challenges in arti-
fact removal. More importantly, it cannot be applied to un-
known datasets.

Results on industrial dataset To further verify the versa-
tility of the proposed method, we conducted experiments on
industrial datasets. Compared with medical datasets, indus-
trial datasets have less spatial high-frequency information



Baseline 4D HGR ST-Former | PSNR  SSIM
v 17.13  0.5458

v 23.81 0.8530

v v 28.61 0.9208

Table 3: Key components ablation.

but higher temporal resolution. We compared NeRF-based
methods with strong generalization ability and eliminated
traditional reconstruction methods and learning-based meth-
ods with limited generalization ability. It can be seen that our
method can still achieve the best results under different mo-
tion types and sampling modes. Compared with the second-
based method, PSNR and SSIM are improved by 4.26 dB
and 3.23%, respectively.

Figure 6 shows the visual reconstruction results for the
initial and final deformation states of an aluminum product
under stress. It can be seen that our method has the clear-
est rendering and slice results. However, INR struggles with
sensitivity to temporal changes in high temporal resolution
scenes, and it is difficult to form dynamic reconstruction.
Hex-plane and K-plane perform slightly better. More visual-
ization results and dynamic results of medical and industrial
datasets can be found in the Supplementary Materials.

Ablation Study

We conduct ablation experiments on challenging medical
datasets to further validate the impact of the key components
of the proposed method.

Key components ablation We use the six-plane decom-
position method Hex-plane as our baseline and add 4D hash
grid representation (4D HGR) and ST-Former to perform ab-
lation studies. The results are shown in Table 3. It can be
seen that the proposed 4D hash grid representation improves
the PSNR and SSIM by 6.68 dB and 30.72%, respectively,
compared with the six-plane decomposition method. In ad-
dition, after adding ST-Former, the PSNR and SSIM are im-
proved by 4.11 dB and 6.78%, respectively. The visualiza-
tion results can be seen in Figure 3. These results show that
our strategy is highly effective.

Sparse view analysis We analyze the reconstruction re-
sults of different numbers of projections on the medical
dataset to compare the reconstruction performance of differ-
ent methods under low radiation dose conditions. As shown
in Figure 7-a, it can be seen that the proposed method out-
performs other methods at any number of projections and is
highly robust.

4D Hash grid representation analysis We compared the
average quantitative reconstruction results of different hash
sizes in the medical dataset, as shown in Figure 7-b. It can
be seen that increasing the size of the hash table can im-
prove the reconstruction performance to a certain extent, but
the grid features lack constraints and the performance im-
provement is limited.

ST-Former analysis In the reconstruction results without
the ST-Former, we locate the coordinates of the sampling
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Figure 7: (a) Reconstruction results with different numbers
of views. (b) Reconstruction results with different hash table
sizes, where logoT represents the hash table size.
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Figure 8: Attention maps of sample points with and without
dot-like artifacts. To some extent, it shows that ST-Former
guides the model to perform feature selection and avoid dot-
like artifacts caused by hash conflicts.

point with and without dot-like artifacts, and input them
into the model with the ST-Former to compare their atten-
tion maps. As shown in Figure 8§, the attention map shows a
relatively flat distribution at coordinates without dot-like ar-
tifacts. In contrast, at coordinates with dot-like artifacts, the
attention map distribution becomes steep. Dot-like artifacts
are obvious features of hash conflicts so this experiment can
show to a certain extent that ST-Former can guide the model
to perform feature selection based on spatiotemporal infor-
mation, effectively avoiding features with severe hash con-
flicts.

Conclusion

In this paper, we introduce a comprehensive dynamic CT
reconstruction model, STNF4D. First, based on the charac-
teristics of dense spatial prediction of dynamic CT recon-
struction, we propose the use of 3D hash grids to decompose
dynamic scenes. To address the challenges of hash conflicts
and the low utilization of grid features, we developed ST-
Former, which guides the model in feature selection and op-
timization by establishing dependencies on spatiotemporal
features across different hash grids. We conducted extensive
experiments in the medical dataset and industrial dataset.
Results show that our method achieves optimal performance
in various scenes, significantly outperforming existing state-
of-the-art, including learning-based methods.
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