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Abstract

While Neural Radiance Fields (NeRFs) have advanced the
frontiers of novel view synthesis (NVS) using LiDAR data,
they still struggle in dynamic scenes. Due to the low fre-
quency and sparsity characteristics of LiDAR point clouds,
it is challenging to spontaneously learn a dynamic and con-
sistent scene representation from posed scans. In this pa-
per, we propose STGC-NeRF, a novel LIDAR NeRF method
that combines spatial-temporal geometry consistency to en-
hance the reconstruction of dynamic scenes. First, we propose
a temporal geometry consistency regularization to enhance
the regression of time-varying scene geometries from low-
frequency LiDAR sequences. By estimating the pointwise
correspondences between synthetic (or real) and real frames
at different times, we convert them into various forms of tem-
poral supervision. This alleviates the inconsistency caused
by moving objects in dynamic scenes. Second, to improve
the reconstruction of sparse LiDAR data, we propose spa-
tial geometric consistency constraints. By computing multi-
ple neighborhood feature descriptors incorporating geometric
and contextual information, we capture structural geometry
information from sparse LiDAR data. This helps encourage
consistent direction, smoothness, and detail of the local sur-
face. Extensive experiments on the KITTI-360 and nuScenes
datasets demonstrate that STGC-NeRF outperforms state-of-
the-art methods in both geometry and intensity accuracy for
dynamic LiDAR scene reconstruction.

Code — https://github.com/PSYZ1234/STGC-NeRF

Introduction

Novel view synthesis (NVS) for LiDAR data in dynamic
scenes involves learning time-varying scene representations
from a set of posed LiDAR scans to generate unseen frames.
It is crucial for various applications in autonomous driv-
ing (Li et al. 2024; Yu et al. 2024; Fang et al. 2024a)
and robotics (Dong et al. 2019; Fang et al. 2023, 2024b).
Conventional LiDAR simulators (Manivasagam et al. 2020;
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Figure 1: Outdoor rendering results (a) (b) for LIDAR depth
(left) and intensity (right). Compared to our STGC-NeRF,
LiDAR-NeRF (Tao et al. 2023) and LiDAR4D (Zheng et al.
2024) struggle to reconstruct accurate results in dynamic re-
gions and sparse areas (red boxes). (c) is the LiDAR point
cloud from different timestamps ¢ and ¢ + 1.

Yang et al. 2023) usually overlook the physical properties of
LiDAR sensors, leading to geometric errors in NVS.

With the unprecedented success of neural radiance fields
(NeRFs) (Mildenhall et al. 2021), it has emerged as a
promising way for LIDAR NVS and 3D scene reconstruc-
tion. LiIDAR NeRFs (Tao et al. 2023; Huang et al. 2023; Hu
et al. 2024; Zhang et al. 2024; Sun et al. 2024a; Tao et al.
2024) implicitly represent the 3D scene and synthesize novel
views through volume rendering within a continuous rep-
resentation space. Compared to LiDAR simulators, LiDAR
NeRFs consider two-way transmittance and beam width of
LiDAR, enabling high-fidelity LiDAR scene synthesis.

Despite the initial success, LIDAR NeRFs still struggle
to accurately re-simulate dynamic real-worlds (Tao et al.
2023; Huang et al. 2023). Recent LiDAR NeRFs (Zheng
et al. 2024; Wu et al. 2024) propose implicit dynamic scene
representation by using 4D space-time or background-object



modeling, respectively. However, they still struggle with
long-distance vehicle motion and sparse point reconstruc-
tion, as illustrated in Fig. 1 (a) and (b). Since LiDAR point
clouds are low frequency in time and sparse in space, it
greatly reduces the potential consistency between multiple
training views, as shown in Fig. 1 (c). When a LiDAR sen-
sor scans a fast moving object at a frequency of 10 to 20 Hz,
there is a large displacement of the object even in two con-
secutive frames. Meanwhile, sensor properties mean that the
point cloud becomes less dense the further from the sensor.
The above reasons together limit the performance of LiDAR
NeRFs on dynamic scene reconstruction.

In this paper, we propose a novel LIDAR NeRF method,
STGC-NeRF, which integrates spatial-temporal geometry
consistency to improve dynamic scene reconstruction. We
propose two novel designs that regularize the scene repre-
sentation learning in both the temporal and spatial domains.
First, we propose Temporal Geometric Consistency Regular-
ization (TGCR) to enhance dynamic scene representation.
Specifically, we estimate scene flow between synthetic (or
real) and real frames at different times with a pre-trained
model to obtain pointwise correspondence. We then convert
them into different temporal supervisions to regularize the
time-varying scene geometry regression in low-frequency
LiDAR frame sequences. Second, to enhance the reconstruc-
tion details of sparse LiDAR data, we propose Spatial Geo-
metric Consistency Constraint (SGCC). We compute various
neighborhood feature descriptors, i.e., fundamental geomet-
ric and contextual features, for synthetic and real frames. By
constraining feature learning, we ensure that the local recon-
structed surface maintains consistent direction, smoothness,
and detail. We conducted extensive experiments on KITTI-
360 (Liao, Xie, and Geiger 2022) and nuScenes (Caesar
et al. 2020) datasets, and the results show that STGC-NeRF
has great advantages over the state-of-the-art in geometry
and intensity reconstruction for complex dynamic scenes.

Our contributions are summarized as follows:

* We propose STGC-NeRF, which effectively regularizes
geometric consistency across two important dimensions:
temporal and spatial, for dynamic LiDAR NeRFs.

* Novel temporal geometric consistency regularization,
which enhances the regression of time-varying scene ge-
ometries from low-frequency LiDAR sequences.

* Innovative spatial geometric consistency constraint,
which improves the local reconstruction details of sparse
LiDAR data by integrating neighborhood geometric and
contextual feature constraints.

* Extensive experiments on KITTI-360 and nuScenes
datasets demonstrate the great effectiveness of our meth-
ods. In particular, our method outperforms state-of-the-
art methods by 8.4%/9.8% on Chamfer Distance error.

Related Work
LiDAR Simulation. Conventional LiDAR simula-
tors (Koenig and Howard 2004; Gschwandtner et al.
2011) create a 3D virtual world to render point clouds.
Early works, e.g., CARLA (Dosovitskiy et al. 2017) and
AirSim (Shah et al. 2018), focus on using graphics engines
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to perform LiDAR simulation. Nevertheless, they need
costly human annotations, and a significant domain gap
exists between the generated and real point clouds. Recent
works (Fang et al. 2020; Yang et al. 2023) attempt to
combine realistic LiDAR data to solve the above chal-
lenges. LiDARsim (Manivasagam et al. 2020) performs
the reconstruction using mesh surfel (Pfister et al. 2000)
representation. PCGen (Li, Ren, and Liu 2023) reconstructs
the 3D scene directly from point clouds and then renders
using rasterization. However, they still suffer from large
noise during point cloud generation. In addition, they are
only applicable to static scene simulation.

Image-based NeRFs. Recently, NeRFs (Mildenhall et al.
2021; Barron et al. 2021) have revolutionized the long-
standing challenge of image-based novel view synthesis
(NVS) tasks. As an implicit neural representation method,
it takes multiple posed images to represent the whole 3D
scene. Many variations propose to employ neural represen-
tations based on MLPs (Sun et al. 2024b), voxel grids (Liu
et al. 2020), multilevel hash grids (Miiller et al. 2022), vec-
tor decomposition (Chen et al. 2022), and triplanes (Hu et al.
2023) for NVS. There also emerges researches (Barron et al.
2022; Wang et al. 2023) focusing on extending object recon-
struction to large-scale scene synthesis. In addition, a por-
tion of the studies focus on reconstructing dynamic scenes.
One line of research (Pumarola et al. 2021; Fang et al. 2022;
Liu et al. 2023) models the dynamic scene with an additional
time dimension. Another line of research (Yan, Li, and Lee
2023; Kniaz et al. 2023) uses individual MLPs to represent
dynamic objects and static backgrounds.

LiDAR-based NeRFs. Although NeRFs have made great
advances in the field of imagery, there is still little re-
search in the field of LiDAR. For these methods, NeRF-
LiDAR (Zhang et al. 2024), LidaRF (Sun et al. 2024a), and
AlignMiF (Tao et al. 2024) are LiDAR-camera joint synthe-
sis methods. They incorporate multimodal inputs to perform
the scene reconstruction. However, multimodal data are not
always available in many cases. LIDAR-NeRF (Tao et al.
2023) and NFL (Huang et al. 2023) are LiDAR-only syn-
thesis methods. They employ neural rendering for depth, in-
tensity, and ray-drop probability reconstruction, synthesiz-
ing novel LiDAR views. Nevertheless, these methods cannot
synthesize dynamic scenes well.

For LiDAR NeRFs in dynamic scenes, LIDAR4D (Zheng
et al. 2024) and DyNFL (Wu et al. 2024) are the only two
studies. LIDARA4D relies solely on point clouds with poses
and times, creating a 4D hybrid representation, and further
refines the final rendered result using a CNN. DyNFL uses
expensive object labels (3D bounding box) to decompose the
scene into a static background and dynamic objects, mod-
eling them separately and combining them during render-
ing. However, due to the inherent low frequency and sparsity
of LiDAR data, the reconstruction performance in dynamic
scenes of these methods still leaves potential for enhance-
ment. In this paper, we integrate novel temporal and spatial
geometric consistency constraints jointly into the LiDAR
NeRF network. The proposed geometric consistency over-
comes the intrinsic shortcomings of LiDAR, implementing
a dynamic LiDAR NeRF method using only posed scans.
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Figure 2: Overview of STGC-NeRF during training. First, the NeRF network takes the sampled 3D positions and ray directions
from the LiDAR sequence as inputs, returning density, intensity, and ray-drop probability. Then, the synthetic (real) and real
point clouds are fed into a pre-trained scene flow network for flow estimation. TGCR regularizes the time-varying scene
geometry regression. Meanwhile, we extract fundamental geometric and contextual features from synthetic and real local point
sets. SGCC constrains the neighborhood feature learning. The total network is trained in an end-to-end manner.

Methodology
Preliminaries
Problem Statement. Given LiDAR point cloud sequences
S = {9}, captured by moving devices, each frame of
LiDAR scan S; € RE*4 is associated with a pose P; €
SE(3) and a timestamp ¢; € R. S; includes K 3D point
coordinates and 1D reflection intensity, and IV is the total
frame numbers. For LiIDAR novel view synthesis (NVS) in
dynamic scenes, our aim is to model the scene as an implicit
neural representation. Then, we can synthesize any dynamic
LiDAR scans Sy, from an arbitrary new viewpoint P,c,,.
Neural Radiance Fields (NeRFs) Fundamentals. NeRFs
take a 3D location x and a viewing direction # as input,
learning an implicit function to estimate the volume density
o and color c. Specifically, given rays r originating from the
sensor origin o in the direction d, i.e., r = o + td, the vol-
ume rendering can be depicted as follows:
N
C(r) =) wici, withw; = Ty(1 — 7)), (1)
i=1

where T; = = ¥i21056) is the accumulated transmittance,
0 indicates the distance between adjacent point samples. To
render LiDAR scans via NeRFs, recent works (Tao et al.
2023; Zheng et al. 2024) treat the oriented laser beams as
ray sets. o is the LiDAR center and d is the normalized di-
rection vector of the beam. The depth measurement ﬁ(r)
point cloud intensity I(r), and ray-drop probability P(r) of
LiDAR can be expressed as follows:

N N N
D(r) = wids, I(x) = Y wyiz, P(r) = Y wips, (2)
1=1 =1 =1

where d;, 7;, and p; are depth, intensity, and ray-drop proba-
bility at the ¢-th sample along the ray direction, respectively.
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STGC-NeRF Overview

We now introduce STGC-NeRF, a LiDAR NeRF frame-
work, which enhances dynamic scene reconstruction by
incorporating spatial-temporal geometry consistency. The
overall network architecture, as shown in Fig. 2, contains
two sub-networks: a NeRF network for LiDAR point cloud
rendering and a pre-trained scene flow network for flow
estimation. STGC-NeRF mainly consists of two key com-
ponents: (1) temporal geometric consistency regularization
(TGCR) for improving the time-varying scene geometry re-
gression from low-frequency LiDAR sequences, and (2) spa-
tial geometric consistency constraint (SGCC) for enhancing
local reconstruction details from sparse LiDAR data. We for-
mulate the two components into end-to-end learning. During
inference, only the NeRF network is required.

Temporal Geometric Consistency Regularization

Moving objects in dynamic scenes break the potential con-
sistency between multiple training views, leading to inac-
curate NeRFs rendering (Li et al. 2021, 2023). Especially
for LiIDAR point clouds, the low frequency (10-20 Hz) will
lead to a notable displacement of dynamic objects, even in
two consecutive frames. A recent method LiDAR4D (Zheng
et al. 2024) employs an autoregressive scene flow net-
work (Zheng et al. 2023) to provide motion priors. How-
ever, this flow is obtained by interpolating single-frame fea-
tures, which is inaccurate for large displacements. As the
common scene flow estimation network can directly predict
flows at two moments as a geometric prior, incorporating it
into NeRFs to enhance dynamic scene representation is nat-
ural. This paper proposes novel Temporal Geometric Con-
sistency Regularization (TGCR), which explicitly converts
scene flow from an off-the-shelf network into temporal con-
straints and improves dynamic scene representations.
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Figure 3: Scene flow conceptual visualizations for TGCR.
The yellow one is the point cloud at time ¢, and the blue one
is the point cloud at time ¢ + <. Arrows represent scene flow.

First, we align the movement of the synthesized LiDAR
frames with that of the actual frames. Specifically, we com-
pute the scene flow AF;Y, 7T (AF;Z7,,) from the synthe-
sized (real) point cloud at time ¢ to the real one at ¢ + i, as
shown in Fig. 3 (a) and (c). Then, we minimize the discrep-
ancy between AF;Y), " and AF;7T,, to match the corre-
sponding points in adjacent frames. For more effective regu-
larization, we employ a term of cycle consistency to encour-
age both forward AF;¥),"" and backward AF;_°Y} flows
to be consistent. The regularization L£g; for the first tempo-

ral supervision is formulated as:

LR :||AFthL‘T — AF S|+ 3)
IAF LYY = AFIE,

Scene flows between adjacent frames offer accurate point-
wise correspondences, enhancing the temporal coherence of
synthesized views by adhering to actual motion states.
Second, we use the scene flow AF; 7/, . from actual se-
quences as additional supervision to enhance dynamic rep-
resentations. Following LiDAR4D, we employ an autore-
gressive flow MLP network (Fig. 2) to estimate scene flow

AF™P by single-frame feature interpolation with the

given timestamp, as shown in Fig. 3 (b). However, unlike

LiDAR4D, we supervise AF;""? by AF; 77, ., which ex-
plicitly leverage correlations between LiDAR sequences. In
addition, the network is trained with a Chamfer Distance
loss lossgp = CD(S; + AF@”jfE, Si+i). The regulariza-
tion L g for the second temporal supervision is depicted as:
Lry = [[AFZE — AF D]l +lossep. ()
Since the flow AF} 7, provides more accurate motion es-
timation, we can leverage it to supervise the autoregressive
flow for enhanced motion prior.
Finally, the total TGCR (Lr) is comprised of the two

aforementioned regularizations, defined as follows:

&)
which can effectively regularize the dynamic scene repre-
sentation for more accurate reconstruction. In this paper, we
employ GMSF (Zhang et al. 2023), a matching-based scene
flow estimation network, for flow prediction. The GMSF
network is frozen and will be dropped during inference.

L1 = a1Lpr1 + azLpo,
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Spatial Geometric Consistency Constraint

Due to the sparse characteristics of the LiDAR data, the
point cloud will be less dense the further from the sensor.
This will result in inconsistencies across consecutive train-
ing views, accompanied by a loss of local detail. Current
LiDAR NeRFs (Tao et al. 2023; Uy et al. 2023; Zheng et al.
2024) only minimize the individual point discrepancy dur-
ing training, which ignores the local neighborhood relation-
ship between the points. The reconstruction will be prone
to a lack of local structural details, e.g., voids or faults. To
solve this problem, we propose a novel Spatial Geometric
Consistency Constraint (SGCC) to improve the reconstruc-
tion details of sparse LiDAR data. We compute geometric
and contextual feature descriptors for neighborhood points.
Then, we convert them into spatial supervision.

Specifically, we categorize the features suitable for de-
scribing local scene structures into two classes: fundamen-
tal geometric features and contextual features F.. The for-
mer includes eigenvalue/eigenvector-based features F. and
height features along the z-axis F'.. We construct local point
sets A/ (s;) with k nearest neighboring points for each point
s;. Then, we compute the local covariance matrix and obtain
the eigenvalues A\; < Ay < A3 and eigenvectors vy, Vo, Vg
by eigendecomposition. Meanwhile, we use the GMSF fea-
ture encoder (the scene flow network) and a VLAD net-
work (Uy and Lee 2018) (commonly used global context
description) to extract local f! and global 8 features, re-
spectively. We can describe F, F,, and F. as:

e F'. features: Normal vector n; = vy, Curvature curv;
A\ ZSjeN(si) ”Si*Sng
A1+A2+As? k
o F, features: Maximum height difference Ah
maxi<;<k(2;) — minj<;<i(z;) and Height variance

k k
oj = %Zi:l(zi - %Zj:l zj)*.
« F, features: local context feature f!(\(s;)) and global
context feature £8({s;}}V ).

and Point density p;

The complete SGCC (L) consists of constraints on three
features, which can be depicted as:

Ls = Bi||[Fe—Fel|1+52]|F. —F.| |1 +83|[Fe—F.|2, (6)

where F and F are features obtained from synthesized and
ground-truth point clouds. {$3;}7_, are weight coefficients
to balance different feature terms. For the proposed SGCC,
the feature F. ensures the consistency of local surface and
spatial distribution. F, additionally captures vertical struc-
ture consistency and height distributions. F. preserves de-
tailed contextual information for each point and the scene.
By integrating these spatial feature constraints, the model
can better capture the 3D geometric details, leading to more
accurate local reconstructed surfaces with consistent direc-
tion, smoothness, and detail.

Loss Function

Following conventional LiDAR NeRFs (Tao et al. 2023;
Huang et al. 2023), the optimization includes three objec-
tives: depth loss, intensity loss, and ray-drop loss. The depth

loss Lp = ﬁ D oreRr |D(r) — D(r)||; and the intensity



Method Type Point Cloud Depth Intensity
CDJ] F-scoreT|RMSE| MedAE| LPIPS| SSIMT PSNR{ |RMSE| MedAE| LPIPS| SSIM?T PSNRf
LiDARsim E£./S/M.|3.2228 0.7157 | 6.9153 0.1279 0.2926 0.6342 21.4608| 0.1666 0.0569 0.3276 0.3502 15.5853
NKSR EJSIM.|1.8982 0.6855 | 5.8403 0.0996 0.2752 0.6409 23.0368| 0.1742 0.0590 0.3337 0.3517 15.2081
PCGen EJS. (04636 0.8023 | 5.6583 0.2040 0.5391 0.4903 23.1675| 0.1970 0.0763 0.5926 0.1351 14.1181
LiDAR-NeRF Z./S. ]0.1438 0.9091 | 4.1753 0.0566 0.2797 0.6568 25.9878| 0.1404 0.0443 0.3135 0.3831 17.1549
D-NeRF ZJD. |0.1442 0.9128 | 4.0194 0.0508 0.3061 0.6634 26.2344| 0.1369 0.0440 0.3409 0.3748 17.3554
TiNeuVox-B  Z./D. |0.1748 0.9059 | 4.1284 0.0502 0.3427 0.6514 26.0267| 0.1363  0.0453 0.4365 0.3457 17.3535
K-Planes ZJD. (0.1302 0.9123 | 4.1322 0.0539 0.3457 0.6385 26.0236| 0.1415 0.0498 0.4081 0.3008 17.0167
LiDAR4D ZJ/D. [0.1089 0.9272 | 3.5256 0.0404 0.1051 0.7647 27.4767| 0.1195 0.0327 0.1845 0.5304 18.5561
STGC-NeRF Z./D. [0.0997 0.9325 | 3.0794 0.0277 0.0681 0.8774 28.6796| 0.0995 0.0262 0.1479 0.6563 20.0825

Table 1: Comparison with state-of-the-art methods on the KITTI-360 dataset. The best result is in bold and the second best is
underlined. £: Explicit, Z: Implicit, S: Static, D: Dynamic, M: Mesh.

Method Type Point Cloud Depth Intensity
CDJ| F-scoref|RMSE| MedAE| LPIPS| SSIM?T PSNR?T |RMSE| MedAE| LPIPS| SSIM{ PSNRf
LiDARsim &£./S./M.[12.1383 0.6512 |10.5539 0.3572 0.1871 0.5653 17.7841| 0.0659 0.0115 0.1160 0.5170 23.7791
NKSR EISIM.|11.4910 0.6178 | 9.3731 0.5763 0.2111 0.5637 18.7774| 0.0680 0.0119 0.1290 0.5031 23.4905
PCGen EJS. | 2.1998 0.6341 | 8.8364 0.4011 0.1792 0.5440 19.2799| 0.0768 0.0147 0.1308 0.4410 22.4428
LiDAR-NeRF Z./S. | 0.3225 0.8576 | 7.1566 0.0338 0.0702 0.7188 21.2129| 0.0467 0.0076 0.0483 0.7264 26.9927
D-NeRF ZJD. |0.3296 0.8513 | 7.1089 0.0368 0.0789 0.7130 21.2594| 0.0467 0.0080 0.0492 0.7180 26.9951
TiNeuVox-B  Z./D. | 0.3920 0.8627 | 7.2093 0.0290 0.1549 0.6873 21.0932| 0.0462 0.0080 0.1294 0.7107 26.8620
K-Planes ZJ/D. |0.2982 0.8887 | 6.7960 0.0209 0.1218 0.7258 21.6203| 0.0438 0.0076 0.1127 0.7364 27.4227
LiDAR4D ZJD. |0.2443 0.8915 | 6.7831 0.0258 0.0569 0.7396 21.7189| 0.0426 0.0071 0.0459 0.7498 27.7977
STGC-NeRF Z./D. | 0.2204 0.9070 | 6.5361 0.0240 0.0486 0.7741 22.0044| 0.0417 0.0082 0.0418 0.7566 27.9989

Table 2: Comparison with state-of-the-art methods on the nuScenes dataset. The notations are consistent with Tab. 1.

loss L7 = I%I D orer |I(r) — I(r)||? are used to recon-
struct the depth and intensity of the LiDAR point clouds,
respectively. R is the set of LiDAR rays. The ray-drop loss
Lp= ‘—71“ S eer [|P(r) — P(r)||3 is to simulate the emitted
rays that are not reflected back to the sensor. In addition, we
employ the ray-drop refinement loss £z = Lyee(M, M)
from (Zheng et al. 2024) to refine the final ray-drop mask
via a binary cross entropy 1loss Lyce. M and M are rendered
and ground-truth masks, respectively. Finally, by incorporat-
ing our proposed TGCR (L) and SGCC (Lg), the overall
loss function is defined as:

L=MLpH+ X NLr+A3Lp+MLr+sLr+XsLs, (7)

where {\;}¢_, are weights to balance different loss terms.

Experiments
Experimental Settings

Datasets. We conduct experiments on two challenging
autonomous driving datasets: KITTI-360 (Liao, Xie, and
Geiger 2022) and nuScenes (Caesar et al. 2020). Each
dataset consists of a large amount of dynamic objects.
KITTI-360 is captured by a Velodyne HDL-64E LiDAR
sensor (-24.8°to 2°vertical FOV) at 10 Hz. nuScenes is
collected by a Velodyne HDL-32E LiDAR sensor (-30°to
10°vertical FOV) at 20 Hz. (1) Following (Zheng et al.
2024), we construct 6 dynamic scenes from KITTI-360 and
5 dynamic scenes from nuScenes for evaluation. Each dy-
namic scene contains 51 consecutive frames with 4 equidis-
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tant test samples. (2) We also employ 4 static scenes from
KITTI-360 to evaluate our method as introduced in (Tao
et al. 2023). Each static scene comprises 64 consecutive
frames with 4 equidistant test samples.

Implementation Details. We implement our STGC-NeRF
using LiDARA4D (Zheng et al. 2024) as the backbone NeRF
network. The proposed method is implemented with Py-
Torch (Paszke et al. 2019) using an Adam optimizer and an
initial learning rate of 0.01. Each scene is trained in 30k it-
erations with a batch size of 1024 rays on a single NVIDIA
RTX 4090 GPU. In Eq. 5, 1 is 0.1 and ap is 1. In Eq. 6, 31
and [, are 0.1, and B3 is 1. In Eq. 7, A5 is 0.1, Az is 0.01,
and all other A are set to 1. k is 12. Consistent with pre-
vious LiDAR NeRFs (Tao et al. 2023; Zheng et al. 2024),
we convert point clouds into range images for training. For
scene flow estimation, we employ pre-trained GMSF (Zhang
et al. 2023), loading weights trained on the KITTI Scene
Flow dataset (Menze and Geiger 2015). Then, we directly
perform scene flow inference for our training process.

Baselines. We compare our STGC-NeRF with two types
of baselines: explicit reconstruction methods and implicit
NeRFs methods. LiDARsim (Manivasagam et al. 2020),
NKSR (Huang et al. 2023), and PCGen (Li, Ren, and Liu
2023) are explicit baselines. We follow (Zheng et al. 2024)
to migrate dynamic NeRFs, D-NeRF (Pumarola et al. 2021),
TiNeuVox (Fang et al. 2022), and K-Planes (Fridovich-Keil
et al. 2023), to LiDAR scene reconstruction for a more
comprehensive comparison. LIDAR-NeRF (Tao et al. 2023)
and LiDAR4D (Zheng et al. 2024) are primary comparison
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Figure 4: Qualitative evaluation of rendering LiDAR point cloud, LiDAR depth, and LiDAR intensity on the KITTI-360
dataset. Our STGC-NeRF estimates more accurate results, especially within the red boxes.

methods. They are both LIDAR NeRFs, whereas LIDAR4D
further focuses on dynamic scene reconstruction.

Metrics. For a comprehensive evaluation, the Chamfer dis-
tance (CD) and the F-score value (error threshold of Scm)
are first reported to evaluate the reconstruction accuracy of
LiDAR point clouds. To evaluate reconstructed depth and in-
tensity, we use the root mean square error (RMSE) and me-
dian absolute error (MedAE) to evaluate the pixel-wise error
of range images. LPIPS (Zhang et al. 2018), SSIM (Wang
et al. 2004), and PSNR are also employed to measure the
overall variance for range images.

Comparison with State-of-the-art Methods

KITTI360 Results. In Tab. 1, we first report the evalua-
tion of the KITTI-360 dataset. For point cloud reconstruc-
tion accuracy, the proposed STGC-NeRF achieves a CD er-
ror of 0.0997, outperforming all competitors. Specifically,
compared to the state-of-the-art method LiDAR4D, it im-
proves by 8.4% on the CD error. In addition, the evaluation
metrics, for depth RMSE and intensity PSNR, are also ahead
of comparison methods, improving by 12.7% and 8.2%, re-
spectively. These results demonstrate the effectiveness of
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our method in both geometry and intensity accuracy for dy-
namic scene reconstruction. The notable improvement is due
to the proposed spatial-temporal geometric consistency. In
addition, we follow the method LiDAR-NeRF to evaluate
our STGC-NeRF on KITTI-360 static scenes. The results in
Tab. 3 still demonstrate the effectiveness of our method.

Fig. 4 presents the visualization on the KITTI-360 dataset.
For both point cloud, depth, and intensity reconstruction,
the qualitative results of STGC-NeRF are all closer to the
ground truth than the competitors. LIDAR-NeRF is a static
NeRF method, resulting in significant discrete noise on dy-
namic regions. Although LiDAR4D uses flow autoregres-
sion for motion priors, the flow is not accurate due to the
large object motion, resulting in obvious blurring. The vi-
sualizations still demonstrate that STGC-NeRF can perform
better dynamic scene reconstruction than others.

nuScenes Results. We further report the comparison results
on the nuScenes dataset in Tab. 2. Our method achieves
0.2204 average CD error, which ranks first compared to
other methods, achieving the smallest CD error. Compared
to LIDAR4D, whose result is 0.2443, STGC-NeRF shows a
9.8% significant improvement in point cloud synthesis. Fur-



Method Type Point Cloud Depth Intensity
CDJ F-scoref|RMSE| MedAE| LPIPS| SSIM{ PSNR?T |RMSE| MedAE| LPIPS| SSIM{ PSNR?T
LiDARsim &£./S./M.|2.2249 0.8667 | 6.5470 0.0759 0.2289 0.7157 21.7746| 0.1532 0.0506 0.2502 0.4479 16.3045
NKSR EISIM.|0.5780 0.8685 | 4.6647 0.0698 0.2295 0.7052 22.5390| 0.1565 0.0536 0.2429 0.4200 16.1159
PCGen E./S. 102090 0.8597 | 4.8838 0.1785 0.5210 0.5062 24.3050| 0.2005 0.0818 0.6100 0.1248 13.9606
LiDAR-NeRF Z./S. [0.0923 0.9226 | 3.6801 0.0667 0.3523 0.6043 26.7663| 0.1557 0.0549 0.4212 0.2768 16.1683
LiDAR4D Z.D. |0.0894 0.9264 |3.2370 0.0507 0.1313 0.7218 27.8840| 0.1343 0.0404 0.2127 0.4698 17.4529
STGC-NeRF Z./D. [0.0831 0.9332 | 2.7717 0.0353 0.0985 0.8480 29.2388| 0.1121 0.0336 0.1822 0.6116 19.0238

Table 3: Comparison with state-of-the-art methods on KITTI-360 Static Scenes. The notations are consistent with Tab. 1.

TGCR SGCC Point Cloud Depth Intensity

Lr1 Lr2|F. F, F.| CD| F-scoref|RMSE| MedAE| LPIPS| SSIMT PSNRf |RMSE| MedAE| LPIPS| SSIMf PSNR?
1 | |0.1089 0.9272 | 3.5256 0.0404 0.1051 0.7647 27.4767| 0.1195 0.0327 0.1845 0.5304 18.5561
2| v 0.1033 0.9291 | 3.2660 0.0338 0.0834 0.8347 27.9228| 0.1044 0.0294 0.1689 0.6080 19.2568
3 v 0.1039 0.9292 | 3.2470 0.0369 0.0826 0.8369 27.9881| 0.1054 0.0292 0.1669 0.6057 19.1790
4 v 7/ 0.1019 0.9301 | 3.1624 0.0298 0.0798 0.8585 28.2323| 0.1023 0.0283 0.1597 0.6263 19.5132
5 v 0.1038 0.9286 | 3.2619 0.0368 0.0851 0.8255 27.8460| 0.1033 0.0304 0.1698 0.6041 19.2519
6 v 0.1047 0.9274 | 3.3146 0.0398 0.0854 0.8274 27.7282| 0.1054 0.0319 0.1712 0.5994 19.0519
7 v 10.1025 0.9305 | 3.2133 0.0340 0.0803 0.8339 28.0672| 0.1024 0.0307 0.1627 0.6184 19.2455
8 v v v/ |0.1011 09313 | 3.1644 0.0299 0.0786 0.8573 28.3369| 0.1015 0.0272 0.1590 0.6168 19.6032
9| v V|V v /|0.0997 09325 |3.0794 0.0277 0.0681 0.8774 28.6796| 0.0995 0.0262 0.1479 0.6563 20.0825

Table 4: Ablation study of TGCR and SGCC on the KITTI-360 dataset. Lz1 and L o are the first and second regularization in
TGCR. Fundamental geometric features F./F, and contextual features F . are all belong to SGCC. Row 1 is the vanilla model
without any proposed modules. Row 9 is the complete STGC-NeRF.

ther, STGC-NeRF also obtains the best performance across
most metrics. In the nuScenes dataset, there are also a large
number of dynamic objects as in the KITTI-360 dataset.
Therefore, our method achieves high performance in dy-
namic scene reconstruction by effectively enforcing geomet-
ric consistency across temporal and spatial dimensions.

Ablation Study

Ablation of Temporal Geometric Consistency Regular-
ization (TGCR). We mainly report the ablation results on
the KITTI-360 dataset. As shown in Tab. 4, we first perform
ablation studies of the proposed TGCR. Only using regu-
larization Lz, (Row 2) improves the depth RMSE by 7.4%
compared to the vanilla model (Row 1). It shows the effec-
tiveness of L1 in regularizing temporal coherence by scene
flow supervision. The comparison between Row 3, only em-
ploying L2, and Row 1 reveals that Lry achieves an av-
erage improvement of 7.9% in depth RMSE. This demon-
strates that £ po can be an effective form of motion priors in
dynamic scene representation. Compared to Row 1, STGC-
NeRF with total TGCR (Row 4) outperforms the vanilla
model by 10.3%/5.2% on depth RMSE and intensity PSNR.
This indicates that TGCR can improve dynamic reconstruc-
tion accuracy by enhancing the regression of time-varying
scene geometries from low-frequency LiDAR sequences.

Ablation of Spatial Geometric Consistency Constraint
(SGCC). The ablation experiments of the proposed SGCC
are reported in Tab. 4. In Rows 5, 6, and 7, we evaluate the
impact of fundamental geometric features (F, and F',) and
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contextual features (F.). Using F, improves depth RMSE
better than Row 1, an average improvement of 7.5%, as it
ensures local surface and spatial consistency. Employing F,
also shows a better improvement in depth RMSE (6.0%),
as it captures the consistency and distribution of the vertical
structure. Since F. preserves detailed local and global con-
textual information, it gains a 8.9% increase on the above
metric. Finally, the comparison between Row 8 and Row
1 shows that SGCC obtains an average improvement of
10.2%/5.6% (depth RMSE/intensity PSNR). All these re-
sults demonstrate that SGCC is effective in improving the
local reconstruction details with sparse LiDAR data.

Conclusion

In this paper, we address the challenge of learning dynamic
scene representations in LiDAR NeRFs, prompted by the
low frequency and sparsity of LiDAR point clouds. These
are the most important reasons for the performance gap be-
tween other LIDAR NeRFs and ours in dynamic scene re-
construction. We propose a novel framework, STGC-NeRF,
which regularizes LiDAR NeRFs across spatial-temporal
geometric consistency. Specifically, we propose temporal
geometric consistency regularization, improving the regres-
sion of time-varying scene geometries from low-frequency
LiDAR sequences. To enhance the local reconstruction de-
tails of sparse LiDAR point clouds, we propose spatial geo-
metric consistency constraints to integrate neighborhood ge-
ometric and contextual constraints. Extensive experiments
demonstrate the effectiveness of our method.
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