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Figure 1. Our work introduces the first real-world multi-lane dataset for evaluating the novel view synthesis capabilities of recent recon-
struction approaches for autonomous driving. Public urban roads are scanned using multi-pass trajectories with three laser scanners, a
front-view camera, and four surround-view cameras. Frame-wise poses are accurately aligned through LiDAR mapping and multi-modal
Structure-from-Motion techniques. Here, we present example images captured from close positions in three aligned cross-lane sequences,
with a shared point cloud projected onto the images based on our optimized camera-LiDAR poses.

Abstract

To evaluate end-to-end autonomous driving systems,
a simulation environment based on Novel View Synthe-
sis (NVS) techniques is essential, which synthesizes photo-
realistic images and point clouds from previously recorded
sequences under new vehicle poses, particularly in cross-
lane scenarios. Therefore, the development of a multi-
lane dataset and benchmark is necessary. While recent
synthetic scene-based NVS datasets have been prepared
for cross-lane benchmarking, they still lack the realism
of captured images and point clouds. To further assess
the performance of existing methods based on NeRF and
3DGS, we present the first multi-lane dataset registering
parallel scans specifically for novel driving view synthe-
sis dataset derived from real-world scans, comprising 25
groups of associated sequences, including 16,000 front-
view images, 64,000 surround-view images, and 16,000 Li-
DAR frames. All frames are labeled to differentiate mov-
ing objects from static elements. Using this dataset, we
evaluate the performance of existing approaches in vari-
ous testing scenarios at different lanes and distances. Ad-
ditionally, our method provides the solution for solving
and assessing the quality of multi-sensor poses for multi-
modal data alignment for curating such a dataset in real-
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world. We plan to continually add new sequences to test
the generalization of existing methods across different sce-
narios. The dataset is released publicly at the project page:
https://nizqleo.github.io/paralane-dataset/.

1. Introduction

As a widely investigated technique in 3D vision, novel view
synthesis (NVS) [17, 27] is utilized in two primary ways in
the development of autonomous driving systems: (1) It fa-
cilitates the transfer of data for trained perception or end-
to-end models across different vehicle products and sensor
configurations [4]; (2) It generates sensor frames with real-
istic geometry and appearance from various viewpoints for
closed-loop simulations, particularly in sensor-to-control
scenarios [48].

However, most existing NVS methods in autonomous
driving, such as [17, 44], primarily focus on evaluating
novel views based on interpolation quality rather than lat-
eral viewpoint shifts, i.e., cross-lane NVS. This is due to
the lack of datasets and benchmarks specifically designed
for this purpose. As a result, the full potential impact of
these new algorithms has not been fully demonstrated. Con-
sequently, current simulation platforms have primarily vali-
dated the effectiveness of testing strategic changes in longi-
tudinal (speed) behavior and motion planning, while evalu-
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ations of lateral (path) planning remain less convincing.

Unfortunately, collecting multi-lane ground truth data
within a real-world scene is intrinsically difficult. As a
result, XLD [19] chooses to use a simulation platform,
Carla [9], to render synthetic data with perfect parameters
such as intrinsic, extrinsics, rolling-shutter appearances,
and sensor frame poses. They have two primary limitations
for further use: First, creating synthetic scenes with high-
definition mesh models and materials requires meticulous
adjustments for artistic and coherent shading. This process
is expensive and must be completed before efficiently gen-
erating photo-realistic frames for evaluating driving failure
cases on-board. Second, there are still challenging photo-
realistic issues, such as inherent noise of real-sensors, and
fog-wind-fluid caused dynamics, causing artifacts and do-
main transfer costs [49]. Therefore, even though sensor data
obtained from real recordings may have issues with impre-
cise parameters, they are an indispensable part of evaluat-
ing cross-lane NVS quality. If we aim to collect the data in
a single pass, then a super large structure to rigidly mount
multiple cameras is required, however, a typical width of a
round lane is about 3-4 meters, which is intricate to design
and manufacture such a structure with stable dynamics. To
tackle this difficulty, our method opts for multi-pass data
collection.

This paper focuses on addressing the challenges of cre-
ating a real-world dataset using a multi-pass collection
scheme for cross-lane NVS benchmarks by tackling the fol-
lowing issues. First, commonly used inertial navigation
systems (INS) for obtaining pseudo ground-truth vehicle
trajectories in most datasets [11] are insufficient for align-
ing temporally adjacent sensor frames. This is because the
data association between consecutive frames of extercep-
tive sensors does not directly participate in the maximum-
a-posterior pose estimation. Instead, temporal alignment
is achieved through dual filtering of the RTK-IMU trajec-
tory, and then composite with extrinsic parameters between
IMU and exteroceptive sensors calibrated during end-of-
line. Second, pixel-to-point mapping from camera frames
to LiDAR frames is imprecise if we rely solely on the trajec-
tory and LiDAR-IMU-cameras extrinsics after pose estima-
tion, which becomes worse when we need to remap across
multiple scans. Without establishing and resolving cross-
modal feature correspondences between exteroceptive sen-
sors [30, 35], the mapping lacks accuracy. We have ad-
dressed these two issues through our two-phase pose op-
timization (Sec. 3.3).

We develop a unified framework to construct the Para-
Lane dataset, featuring a two-phase pose optimization
mechanism for aligning data from exteroceptive sensors
both temporally and spatially. Additionally, we imple-
mented an autonomous system equipped with LiDAR and
camera sensors to capture data, which is then processed

using our proposed framework for cross-modal alignment.
As the first real-world dataset for cross-lane scenarios, we
benchmark mainstream methods for driving NVS based on
either NeRF or 3DGS. Our findings could inspire further re-
search and enhance end-to-end driving simulations, and the
dataset will be released publicly, ultimately and hopefully
accelerating the research and development of autonomous
driving products. In summary, our work offers three key
contributions:

* We curate the first real-world cross-lane dataset, dubbed
Para-Lane, for evaluating NVS capabilities. It includes
ample LiDAR, front-view, and surround-view camera
data. Our dataset ensures that all sequences are annotated
and grouped for easier benchmarking.

* We propose a two-stage framework to precisely align ex-
teroceptive sensors using cross-modal correspondences,
demonstrating effectiveness in alignment metrics.

* We evaluate recent NeRF and 3DGS methods, including
those designed for autonomous driving scenes, on our
curated dataset, offering insights into NVS performance
with lateral viewpoint shifts.

2. Related Work
2.1. Autonomous Driving Datasets for NVS

In autonomous driving, there exists a number of avail-
able datasets, such as KITTI [11], KITTI-360 [24],
CityScapes [7], Waymo Open Dataset [37], nuScenes [3],
LiDAR-CS [10] and WayveScenes101 [53]. In decades,
they are regarded as the foundation of numerous au-
tonomous driving solutions and algorithms [4, 13, 23].
However, the community lacks datasets that are specifically
or compatible to evaluate NVS tasks, due to the booming re-
quirements of end-to-end autonomous driving research. A
very recent work, Open MARS Dataset [21], also features
multiple laser scanners and cameras for driving scenes.
However, their focus is performing collaboratively multi-
agent and multi-traversal data collection, with an emphasis
on obtaining spatially nearby sequences, instead of multi-
lane sequences. Moreover, the multi-pass frame registra-
tion algorithm is not disclosed in their work. The XLD [19]
dataset, introduced earlier this year, serves as a reliable re-
source based on synthetic scenes and rendering. However,
as discussed in Sec. 1, we argue that real-world datasets are
more essential and reliable for comprehensive evaluation,
though there are many challenges to curate such a dataset.

2.2. Multi-Sensor Data Alignment

We categorize the multi-sensor dataset alignment into
single-modal (camera or LiDAR) and multi-modal (camera
and LiDAR) alignments, both of which are crucial for cre-
ating a high-quality real-world dataset for NVS evaluation.

Ensuring precise alignment of data from multiple sensors



is essential. While a unified multi-sensor SLAM framework
can achieve this, the industrial community typically handles
these steps separately for large-scale scene production. For
Level-4 unmanned vehicles, during High-definition Map
(HDMap) production, LiDAR mapping has been a well-
established process [47] and is now standard for mass pro-
duction and vehicle deployment. For cameras, Structure-
from-Motion (SfM) [31, 34] and multi-view stereo [29, 43]
are commonly used for solving frame poses and performing
dense geometric reconstruction.

To address the cross-modal data association is-
sue—linking cameras and LiDAR—we need to establish
explicit correspondences between LiDAR points and cam-
era pixels for a densely coupled pose estimation. There
are two categories of methods based on their inputs: the
first category operates between LiDAR frames and camera
frames [16], which is inefficient for generating large se-
quences. Therefore, assuming LiDAR mapping provides
a sufficiently accurate trajectory, the second category—our
chosen approach—works between LiDAR sequences and
camera frames [22, 52]. While some methods primarily
use ray-casted depth information, we found that incorpo-
rating the intensity channel from LiDAR measurements is
beneficial. This allows for the use of both sparse and dense
photometric loss alongside geometric loss, as demonstrated
in various RGB-D reconstruction methods [8, 41]. To es-
tablish photometric loss, we identified Normalized Infor-
mation Distance (NID) [20, 30] as the most effective metric
for linking these two types of channels, which can assess
the quality of multi-modal registration.

2.3. NeRF and 3DGS Approaches for NVS

Beyond the classical dense reconstruction methods that uti-
lize Truncated Signed Distance Function (TSDF) [8] and
Surfels [41] to represent large-scale scenes. NeRF [27] and
3DGS [17] methods are profound innovations in the en-
hancement of representing geometric and appearance de-
tails, respectively. For instance, Block-NeRF [38] is a pi-
oneering work that addresses the reconstruction of large-
scale urban scenes through division. MARS [42] is a mod-
ular, instance-aware simulator built on NeRF, which sep-
arately models dynamic foreground instances and static
background environments. UniSim [46] converts recorded
logs into realistic closed-loop multi-sensor simulations, in-
corporating dynamic object priors and using a convolu-
tional network to address unseen regions. Rather than im-
plicitly representing scenes (NeRF) that lack of flexibility
of editing and labeling those reconstructed assets, explic-
itly representing scenes (3DGS) has aroused the interest of
many industrial autonomous driving teams [44] to operate
on their domain-specific database. Our dataset and bench-
mark scanned from the real world are specifically designed
to evaluate the performance of cross-lane NVS methods.
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Figure 2. Sensor assembly and sample frames of our data collec-
tion unmanned vehicle, the right fisheye camera is mounted sym-
metrically opposite to the left fisheye, and the back fisheye is lo-
cated at the center of the back-side.

Some of these methods [5, 6, 14, 17, 26, 44], considering
the availability of their code, are used as baselines in our
evaluation.

3. Curation of Para-Lane Dataset
3.1. Sensor Setup

To collect and process raw data for our Para-Lane dataset,
we implemented an autonomous system equipped with var-
ious sensors for street operation. Specifically, to meet the
input data specifications for NVS approaches, we installed
one front-view camera with a 90° Field-of-View (FOV)
capturing 1920 x 1080 images at 10Hz, along with four
surround-view cameras featuring 190° fisheye lenses cap-
turing 1920 x 1080 images at 10Hz. Additionally, we used
three 3D laser scanners with 32 LiDAR channels from +15°
to —55° on the vertical FOV capturing at 10Hz. All frame
timestamps are synchronized at the hardware level, and we
combine points from the three laser scanners into a single
LiDAR frame after motion compensation.

Fig. 2 illustrates our autonomous hardware and its as-
sembly, and we refer readers to our accompanying calibra-
tion parameters in the dataset for more details. Besides the
sensors depicted in the figure, we have additional sensors
inside, such as an Inertial Navigation System (INS) for ob-
taining a high-quality initial trajectory prior to data align-
ment. In our dataset, we provide all necessary relative trans-
formations between grouped sequences and a reference co-
ordinate system.

3.2. Multi-pass Data Acquisition and Processing

We selected clear sunny days with uncongested road con-
ditions to drive through each parallel lane in the same di-
rection. The data was collected in an anonymous city (de-
tails will be disclosed after the review period), consisting of



75 sequences grouped into 25 scenes. Each scene includes
three sequences from different lanes, sharing the same start
and end positions orthogonal to the road direction, cover-
ing approximately 150 meters. As our collection vehicle
traveled on public roads, its speed fluctuated, resulting in
sequence durations ranging from 10 to 45 seconds, with a
median of 20 seconds.

After data collection, we anonymized the images by ob-
scuring vehicle license plates and pedestrian faces. We em-
ployed SAM [18], followed by a manual quality inspection,
to segment dynamic elements from static foregrounds and
backgrounds, ensuring the dataset is free of ethical issues.

3.3. Two-phase Pose Optimization

Phase 1: LiDAR mapping. Given the initial trajectory
from the RTK/INS sensor, we apply [47] to construct a
LiDAR map L® in a reference coordinate G, which in-
volves two components: odometry and loop refinement.
We focus on the first component—offline LiDAR odome-
try—by implementing an enhanced offline LIO system [33]
that utilizes both LOAM features [50] and dense scan-to-
submap point cloud registration [32] for robustness across
various mapping scenarios. For the second component,
loop closure and pose graph optimization, we begin with
the coarse matching of submaps using Predator [15] and
SuperLine3D [51]. We then evaluate the matching scores
to select candidate submap pairs for fine registration [32],
establishing precise relative constraints for the pose graph
optimization problem. Relative poses between sequences
are determined through multi-pass loop closure associations
and joint optimization.

To verify the quality of LiDAR mapping, we use the

thickness of structural objects as a reference metric. We first
perform mesh reconstruction using VDBFusion [39] and
Marching Cubes [25] with the solved LiDAR frame poses
(both voxel size and truncation distance set to 5 cm) to cre-
ate a triangle mesh representing the maximum-a-posteriori
locations of watertight object surfaces. We then calculate
the Mean Absolute Error (MAE) and Root Mean Square Er-
ror (RMSE) [28] by comparing the mesh with the stitched
point cloud to assess thickness. Tab. 1 and Fig. 3 demon-
strate the effectiveness of achieving a thinner LiDAR map
after the combination of multiple scaned sequences.
Phase 2: Registering images to the LiDAR map. After
obtaining the LIDAR map £ and the pose of each LIDAR
frame, we register the images | J,{C; } captured by our cam-
era sensors to £C. This involves determining the pose of
each camera frame C; relative to the reference coordinate,
denoted as Tg. We begin by coarsely initializing these
poses using linear-slerp interpolation [2] between the two
adjacent LiIDAR frames and an extrinsic parameter.

We then refine the coarse camera poses by formulat-
ing the following factor graph optimization problem [12]

Table 1. Quantitative metrics for LIDAR mapping. We choose
to sample and evaluate the MAE and RMSE of stitched LiDAR
frames (in centimeters).

MAE | RMSE |
Metrics | Avg. 90th  95th  ggth | Ayg 9oth g5th  ggth
Before | 45 58 59 73 | 74 98 103 126
After 13 14 14 17 |29 36 41 71

Figure 3. LiDAR map stitching quality visualized in both 20cm
periodical height ramp in rainbow (left columns) and 10cm cividis
colormap reflecting distance with their reconstructed mesh (the
right column). Both the error map and zoomed-in views reflect
that these refined LiDAR frame poses (the second row), compared
to the initial RTK trajectory (the first row), have achieved a thin-
ner stitched cloud with fewer hovering noisy points due to better
frame poses.

to optimize all camera poses C® £ J,{T¢ } and the 3D
positions of visual landmarks P¢ £ [J,{p{} using an
expectation-maximization (EM) strategy [1]:

0%117?@ El(Cia pj) + EQ(pj» [’G) + E3(Ci, Pj, Li), (1)
where E(a,b[,c]) = > —log(f, s[,) is the sum of neg-
ative log-likelihood of a type of valid factor constraints
f, making their scale factors become irrelevant constants.
L, & 7r((T&)’1 - LC) is the intensity image ray-casted
from LC at Tgi . Specifically, these factors {f} are designed
as:

fl: Structure-from-motion (SfM) for cameras. We
use SuperGlue [40] to associate multiple camera frames
with joint observations on sparse features. We formulate
this factor using the reprojection error [31], which quanti-
fies the error by projecting the 3D positions of landmarks
pg?’ onto the image plane of the corresponding frame pose
TE :

1

&, p, < exp(—5 0~ K(TE) ™ pDIRE,), @
where |le|3, = e~ 'e represents the squared Maha-
lanobis distance with the covariance matrix Q. Here, ¥; is
the corresponding pixel observed in C;, and K(-) denotes
the perspective projection and rectification function with re-

spect to the intrinsic and distortion parameters.
f2: SfM points and LiDAR map registration factors.
Longitudinal driving sequences often lack sufficient paral-
lax to accurately estimate depth for the sparse landmarks



PG . Therefore, we constrain the absolute positions of these
landmarks once they are effectively associated with nearby
LiDAR points. The unary prior factor for each landmark is
defined as:

1
£ o x exp(—illpf’ —U(LE,p))I3,)- 3)

We found that the choice between point-to-point and
point-to-plane formulations is not critically important; how-
ever, the point-picking strategy ¥(-) is significant. Specif-
ically, we select a group of candidate 3D LiDAR points
based on the current nearest search for p?’, and calculate
the tangential distance between these points and the rays
emitted from multiple camera observations R(C,, f);cl) asa
joint weight for the final prior position.

f3: Cross-modal sparse and dense factors. Construct-
ing linkage among sparse 3D points through the previous
factor £2, in our scenario, is not sufficient enough for a
camera-pixel to LiDAR-point level data integration. In-
spired by the tightly-coupled multi-modal registration used
in RGB-D reconstruction [8], we use a combined sparse-
and-dense factor, with SuperGlue [40] again for providing
sparse constraints, and we define cross-modal photometric
error [36] for dense constraints as:

1, . _
£, p,. < exp( = g ll; —K((TE) ™" - pi)lR; @)
1
- §||Ci9Li||?zg)7 o)

where the first half focuses on maintaining sparse relation-
ships between input and ray-casted frames, while the sec-
ond half addresses dense matching. To establish sparse
correspondences between ray-casted feature points ; and
SfM points p?’, we utilize feature points extracted and
matched in C; to connect these 2D-3D relationships. The
operator © represents F(£) as defined in Equation 11
of [36], which employs image gradients to slightly adjust
the camera pose.

Parameters. We set the number of Superglue corre-
spondences to 500 for both f! and f3. We use parame-
ters Q = 1, Qy = 0.3-13, Q5 = 1, and Q¢ = 0.01 to
perform the maximization step using Levenberg-Marquardt
(LM) with 50 iterations. During optimization, we recalcu-
late the point picking strategy W(-) in f2 and the ray-casted
image L; from 7(-) in £ once every 3 iterations.

Evaluation and Ablation Study. To evaluate the qual-
ity of multi-camera alignment, we utilize the Normalized
Information Distance (NID) proposed in Equation 3 of [30]
as a quantitative metric. For each pair of original grayscale
images and LiDAR intensity images rendered from a given
pose, we compute an initial NID by discretizing the contin-
uous pixel values into 64 bins. We then slightly shift the
original image along the UV coordinates to identify a po-

Table 2. Quantitative metrics for pose estimation. We choose the
reprojection error (in pixel) as a common SfM metric [31] to eval-
uate coherency between camera frames, and the NID-loss [30] to
evaluate coherency between camera frames and the LiDAR map.

Metric \ Init. Tgi Opt. f1 Opt. f1=2  Opt. f173
Reproj. Err. | | 7.959 | 1.342 1.344 1.343
NID-Loss | | 5.32 10.52 4.47 4.10

Before OptimiZtIOI’]

Figure 4. Factors used in our cross-modal pose optimization
framework, and we visualize LiDAR-camera alignment quality
through an alpha-blending of the colorized intensity map onto its
corresponding camera frame. We refer readers to our supplemen-
tary video for the data alignment quality of our LIDAR map and
multiple camera frames.

sition that yields a local minimum of the NID. The offset
used to find this local minimum is defined as NID-Loss.

We present the results of the ablation study in Tab. 2
and Fig. 4. These results demonstrate that the classical
SfM framework (f!) can jointly solve poses between cam-
era frames to ensure single-modal coherency. However, the
lack of correspondence to the LiDAR map £€ undermines
multi-modal coherency. Therefore, an effective approach
within the SfM framework is to construct the paired rela-
tionship between Visual-SfM points and their correspond-
ing LiDAR points, providing a strong depth prior for trian-
gulation—especially for landmarks established with a nar-
row baseline (e.g., landmarks on the road or curb while ve-
hicles drive straight). Moreover, photometric factors based
on 2D input and ray-casted images can further enhance
multi-modal coherency, as our experiments indicate. This
is because pixel-level correspondences and gradients oper-
ating on grayscale and intensity images, similar to depth
map contours used for texture mapping [52], directly utilize
raw input channels from different sensors.



4. Benchmark

Based on our scanners, scanning-pattern, and pose opti-
mization procedures discussed in Sec. 3, we have pre-
pared grouped sequences for benchmarking NVS methods
on multi-lane scenarios. First of all, we discuss on imple-
mentation details of our selected NVS methods in Sec. 4.1,
and then share our protocols and metrics chosen for cross-
lane N'VS application in Sec. 4.2.

4.1. Benchmarking Methods

We select a range of methods, specifically those designed
for autonomous driving datasets and based on either NeRF
or 3DGS, as our benchmarking methods. For all methods
discussed below, we use the combination of LIDAR £ and
SfM PC points to initialize the Gaussians. In order to elim-
inate the influence of dynamic objects, we filter out all the
cars and pedestrians in point clouds and images based on
semantic labels. Since the original 3DGS and most of its
extensions only support focal points at the absolute center,
we rectify the focal point to the center of corresponding im-
ages during the post-processing of our dataset.

3DGS [17]: We utilize the implementation from the offi-
cial release to evaluate our dataset and employ the AdamW
optimizer with a learning rate of 102, The model is trained
for 30,000 steps.

GaussianPro [6]: We train the models for 30,000 iter-
ations across all scenes, adhering to the original training
schedule and hyperparameters. The interval step for the
progressive propagation strategy is set to 20, with propa-
gation performed three times.

Scaffold-GS [26]: Both the appearance and feature di-
mensions in the MLP are set to 32, and voxel size is set to
0.005. We adjust the initial and hierarchy factors for anchor
growing to 16 and 4, respectively. The model is trained for
30,000 steps.

2DGS [14]: We keep most parameters consistent with
the original implementation. For densification, we adjust
the gradient threshold to 3 x 10~ and set the final densifi-
cation iterations to 13,000. The model is trained for 30,000
steps.

Street Gaussians [44]: To ensure a fair comparison with
other methods, we omit the handling of dynamic objects
from the original scene graph method. Additionally, we do
not utilize the sky mask for an equitable comparison. The
parameters remain consistent with those in the official im-
plementation.

PVG [5]: We utilize the Adam optimizer and keep a
comparable learning rate for most parameters, consistent
with the original implementation. We adjust the gradient
threshold to 3 x 10~ and set the final densification itera-
tions to 13,000. The maximum number of Gaussian spheres
is configured to 10°. We omit multi-resolution downsam-
pling, using images at their original resolution for training.

Single 0
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Figure 5. Five evaluation tracks using different combinations of
lanes for training (colored in blue) and testing (colored in red).

EmerNeRF [45]: We train EmerNeRF for 30,000 it-
erations using its original parameters. The flow branch
and temporal interpolation are activated, with both the fea-
ture levels of the hash encoder for the static and dynamic
branches set to 4.

4.2. Experimental Protocols and Metrics

To perform a comprehensive benchmark of all the afore-
mentioned methods on our proposed dataset, we meticu-
lously group all sequences and organize the benchmarks
across five different tracks for each method. Specifically,
the tracks are categorized as follows: (1) Single lane regres-
sion, (2) Adjacent lane prediction, (3) Second-adjacent lane
prediction, (4) Adjacent lane prediction (trained from two
lanes), and (5) Sandwich lane prediction (trained from two
side lanes). A figure illustrating the experimental protocols
is provided in Fig. 5. For each track, we uniformly sample
200 frames from training sequences for model learning and
25 frames from test sequences as the ground truth.

We adhere to the widely used metrics for evaluating the
performance of NVS as outlined in [19], which includes
Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
Index (SSIM), and Learned Perceptual Image Patch Simi-
larity (LPIPS).

4.3. Experimental Results and Notes

We benchmark the methods described in Sec. 4.1 according
to the framework outlined in Sec. 4.2 to evaluate perfor-
mance for cross-lane NVS. A series of experiments were
conducted using an NVIDIA GeForce RTX 3090 24GB
GPU. For quantitative metrics across all tested methods and
different designs, refer to Tab. 3. Throughout the experi-
ments, we discovered several interesting insights:

The quality of NVS is significantly affected by the view
distribution of the training set. From Tab. 3, we found ex-
actly the same conclusion for all methods: the performance
gradually decreases in the following sequence: Single >
Sandwich > Two-for-One > Adjacent > Second-Adjacent.
When the training and testing views are on the same tra-



Table 3. Quantitative results of different Gaussian reconstruction methods on our proposed Para-Lane dataset.

Method Single Adjacent Sec-Adj. Two-for-One Sandwich
Metrics PSNR?T SSIM?T LPIPS| |PSNRT SSIM?T LPIPS||PSNRT SSIM?T LPIPS||PSNRT SSIM?T LPIPS| |PSNRT SSIM?T LPIPS)
3DGS 2299 0.689 0.344 | 17.05 0.524 0.446 | 1626 0.505 0472 | 17.85 0.551 0.440 | 18.74 0.563 0.424
GaussianPro 2293 0.687 0.343 | 17.01 0.521 @ 0.446 | 1629 0.505 0472 | 17.83 0.551 0.439 | 18.66 0.562 0.424
Scaffold-GS 2296 0.675 0364 | 17.59 0.538 0450 | 17.09 0.525 0.470 | 18.62 0.565 0.437 | 19.20 0.574 0.423
2DGS 2229 0.651 0395 | 16,79 0.523 0469 | 16.01 0510 0494 | 17.46 0.548 0.466 | 19.04 0.572 0.451
Street Gaussians | 22.56 0.643  0.353 | 17.50 0.510 0.456 | 16.16 0.496 0480 | 17.87 0.555 0453 | 1891 0.561 0.443
Single Adjacent Sec-Ad;. Two-for-One Sandwich

3DGS

Scaffold-GS  GaussianPro

Street

Ground-Truth ~ Gaussians

Figure 6. Comparisons for NVS quality between different methods and designs, see our supplementary video for results on more sequences.

jectory, all methods achieve the best NVS results. How-
ever, when the testing viewpoint undergoes lateral shifts,
the results are compromised to varying degrees. Besides, al-
though the number of images used for training is the same,
our Sandwich track, which evenly distributes training views
on both sides of the test views, consistently achieves supe-
rior rendering quality compared to the Two-for-One track,
where training views are located only on one side of the
testing views. This can be attributed to the fact that when
training data is more evenly distributed and closer to the
target render pose, the learned radiance functions are less
likely to overfit to a specific viewpoint. Therefore, from an
application perspective, to generate images of a target scene
from arbitrary viewpoints, it is advisable to utilize multi-
ple passes of data to reconstruct the target scene, thereby
minimizing potential artifacts during novel view synthesis.
Fig. 6 presents a visual comparison of novel view synthe-

sis results under different designs, and our supplementary
video provides additional examples.

Domain gap between synthetic [19] and real datasets.
Most of the methods tested here were also evaluated on the
XLD dataset [19], a synthetic cross-lane dataset; however,
they generally did not perform as well on our dataset as they
did on XLD. We attribute this difference to the domain gaps
between synthetic and real-world data for several reasons.
Firstly, synthetic data perfectly ensures the accuracy of all
parameters, including extrinsic, intrinsic, and timestamps.
However, in the real world, despite the optimizations dis-
cussed in Sec. 3.3, there inevitably remains a gap between
our final estimations and the ground truth values. Secondly,
the sequences in a group were collected over different time
intervals, leading to minor variations in brightness, water
stain shapes, and other trivial factors among the cross-lane
sequences. This also brings errors that require NVS ap-



proaches to handle. Finally, in real-world data, special at-
tention must be given to dynamic objects. Unlike synthetic
data, we cannot capture observations of the same dynamic
object simultaneously across different locations. Although
we used SAM to mask dynamic objects, the model’s output
is not always precise, and some noise remains.
Scaffold-GS achieves the best NVS performance on our
benchmark. Unlike other methods, Scaffold-GS [26] uti-
lizes anchor points to distribute 3D Gaussians. Each anchor
point is associated with multiple neural Gaussians. The at-
tributes of these neural Gaussians—such as position, opac-
ity, quaternion, scaling, and color—are determined by a
multi-layer perceptron (MLP). The input features for the
MLP include the relative poses from the anchor points to the
camera views. Our cross-lane experimental results demon-
strate that this method, which establishes correlations be-
tween view poses and rendering outcomes, is effective.

4.4. Handling Dynamic Objects

Besides the main experiment in Sec. 4.3 that reflects perfor-
mance of methods in masked static scenes, we perform an-
other experiment on those experiments capable of handling
dynamic objects.

EmerNeRF [45] and PVG [5] are two representative
methods that contain procedures on handling dynamic ob-
jects in a self-supervised manner, we compare the two meth-
ods using the Single track. We perform reconstruction
through both methods with and without automatically la-
beled mask [18] The dataset used in this part includes 6
groups, which are part of the entire 25 groups dataset.

Results and analysis. From Tab. 4, we can find that
EmerNeRF achieves better PSNR and LPIPS scores. This
is probably because of its novel and effective approach of
static-dynamic decomposition. On the other hand, PVG ex-
cels in SSIM for both tests. This exceptional performance
is likely to due to the adaptable design for Gaussian points.
Qualitative results are shown in Fig. 7. We can find that the
two methods are comparable for nearby scenes. However,
PVG results are inferior for distant locations, such as build-
ings and trees. This is likely due to that PVG advocates to
utilize the larger points for faraway scenes as described in
its draft [5], which results in inadequate expression of de-
tails and cause blur.

4.5. Limitations

This section describes the limitations of our current dataset
and benchmark. The dynamic object masks provided in the
dataset are not manually labeled, so there are a small num-
ber of omissions and mislabeling. We also do not yet have
3D bounding box and tracking labels for all dynamic ob-
jects. The diversity of the dataset can also be enhanced by
collecting more data in the future. Given the fact that cur-
rent works rarely support dynamic/static decomposition, we

Method Single

Metrics PSNRT SSIMtT  LPIPS|
EmerNeRF 23.67 0.668 0.350
PVG 22.08 0.672 0.408
EmerNeRF (static only) ‘ 23.76 0.678 0.346

PVG (static only) 22.71 0.684 0.368

Table 4. Quantitative results on our proposed Para-Lane dataset
with dynamic objects. We perform reconstruction with and with-
out mask for ablation study.

EmerNeRF PVG

Ground-Truth

Figure 7. Comparisons for NVS quality in Single lane test between
EmerNeRF and PVG.

only tested EmerNeRF [45] and PVG [5] in handling dy-
namic objects. A more comprehensive benchmark for dy-
namic scenes would be beneficial as more dynamic methods
are developed in the future.

5. Conclusion and Future Work

In conclusion, we provide a two-stage framework that first
registers multi-pass LiDAR frames to form a coherent map,
and then registers camera frames to the LIDAR map for the
multi-modal pose estimation. We use the provided method
to produce reliable poses for multiple grouped parallel lane
sequences, and test the performance of recent approaches
for synthesizing novel views through longitudinal and lat-
eral viewpoint shifts.

In the future, we plan to expand our dataset with a variety
of sequences and incorporate the latest approaches for thor-
ough benchmarking. While we have successfully aligned
fisheye camera frames to the LiDAR map, we have also
identified limitations in recent works in jointly reconstruct-
ing with them. Handling such an issue presents an oppor-
tunity for the application of these methods in the industrial
community, particularly for cost-effective labeling and mass
production for closed-loop simulation scenarios. We hope
that the dataset we have released will facilitate future re-
search in this area.
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