D>GS: Dense Depth Regularization for LIDAR-free
Urban Scene Reconstruction

Kejing Xia'* Jidong Jia?>* Ke Jin® Yucai Bai* LiSun® Dacheng Tao® Youjian Zhang*f

!Wuhan University 2Shanghai Jiaotong University 2Tongli University 4Bosch
5Nanyang Technological University

xiakejing.lesia@whu.edu.cn, jjd1123@sjtu.edu.cn, 2330379Q@tongji.edu.cn
dacheng.tao@ntu.edu.sg, {Yucai.BAI, Kevin.SUN, Youjian.ZHANG}@cn.bosch.com

Abstract

Recently, Gaussian Splatting (GS) has shown great potential for urban scene re-
construction in the field of autonomous driving. However, current urban scene
reconstruction methods often depend on multimodal sensors as inputs, i.e. LIDAR
and images. Though the geometry prior provided by LiDAR point clouds can
largely mitigate ill-posedness in reconstruction, acquiring such accurate LiDAR
data is still challenging in practice: i) precise spatiotemporal calibration between
LiDAR and other sensors is required, as they may not capture data simultaneously;
ii) reprojection errors arise from spatial misalignment when LiDAR and cameras
are mounted at different locations. To avoid the difficulty of acquiring accurate
LiDAR depth, we propose D>GS, a LiDAR-free urban scene reconstruction frame-
work. In this work, we obtain geometry priors that are as effective as LiDAR
while being denser and more accurate. First, we initialize a dense point cloud
by back-projecting multi-view metric depth predictions. This point cloud is then
optimized by a Progressive Pruning strategy to improve the global consistency.
Second, we jointly refine Gaussian geometry and predicted dense metric depth
via a Depth Enhancer. Specifically, we leverage diffusion priors from a depth
foundation model to enhance the depth maps rendered by Gaussians. In turn, the
enhanced depths provide stronger geometric constraints during Gaussian training.
Finally, we improve the accuracy of ground geometry by constraining the shape
and normal attributes of Gaussians within road regions. Extensive experiments on
the Waymo dataset demonstrate that our method consistently outperforms state-
of-the-art methods, producing more accurate geometry even when compared with
those using ground-truth LiDAR data.

1 Introduction

Modeling urban street scenes is fundamental to autonomous driving [2l]. Accurate 3D reconstructions
of roads, buildings, and street furniture enable the creation of high-fidelity virtual environments,
which are crucial for the closed-loop simulation and testing of perception, planning, and control
systems [3]]. The ability to reuse and edit these digital urban scenes, rather than repeatedly collecting
fresh data for every test scenario, significantly improves the efficiency of data collection.

Recently, methods leveraging Neural Radiance Field (NeRF) [4] and 3D Gaussian Splatting
(3DGS) [5] have become popular in this field for their photorealistic results. However, NeRF-based
methods are computationally intensive while 3DGS is favored due to its explicit representation, high
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Figure 1: Examples of common LiDAR acquisition issues: a) reprojection error, b) calibration
misalignments, and c) LiDAR missing problem. Omni&kyields poor performance in both image
reconstruction and depth estimation when using these inaccurate LIDAR measurements.

ef ciency, and rapid rendering spee@][ In fact, 3DGS has demonstrated its powerful reconstruction
ability for dynamic urban scene§|[7,[8,1/9] 10, 11].

Most of the 3DGS urban street scene reconstruction methods rely on LiDAR data to provide an
accurate geometry prior. Usually, this prior can be applied in two aspects: i) LiDAR point cloud
can be utilized to initialize Gaussian points, ii) LIDAR point cloud can provide a sparse depth
supervision during the training phase. However, there are several notable drawbacks when acquiring
LiDAR data in practice. First, the acquisition of LIDAR data requires specialized vehicles and costly
equipment[12], which makes the data collection process challenging and less scalable. Second,
the calibration between sensors (LiDARs and cameras) is highly demanding. Since these sensors
do not capture data simultaneously, both spatial and temporal calibration are required to accurately
align the LiDAR points with images. Furthermore, in practical data collection systems, LIiDAR
sensors and cameras are inevitably mounted at different positions and heights, causing signi cant
viewpoint disparities and resulting in reprojection errors when LIDAR points are projected onto
images (Fig[ [L). However, most existing methods use this LIDAR projection result as ground-truth
depth map. In preliminary experiments, we found that misalignment between LiDAR projections and
pixels signi cantly affects the reconstruction results (as shown in[Ffig. 1). Finally, LIDAR provides
only sparse depth supervision during the GS training phase, limiting the model's ability to learn
ne-grained geometric details.

In the meantime, many recent studié€g3,[14,[15,[16,17,[18,[19,[20,21] have also explored ways to
incorporate geometric constraints into the optimization of sparse-view scene reconstruction. However,
these methods either rely on monocular depth estimatigriy, [15,16, 17, 18], which only provides
relative depth, or obtain metric depth through multi-view depth estimafien2p, 21], which is
unsuitable for dynamic scenes and still suffers from large absolute errors.

To overcome the challenges of acquiring accurate geometry prior using LiDAR points, while obtaining

a more robust and dense depth for regularization, we introdd@&SD- a LiDAR-free dynamic

urban street scene reconstruction framework. First, to obtain an initial point cloud as a replacement
for LIDAR point clouds, we leverage depth predictions from a pre-trained multi-view estimation
model R1]. Re-projecting these depths yields an initial, dense point cloud. However, this point
cloud is per-pixel, resulting in an excessive number of points. To manage the computational cost, we
introduce a progressive pruning strategy. This strategy starts training the Gaussian eld with minimal
scene graph components, then gradually prunes the less important Gaussians to retain a compact yet
representative point set that effectively captures the global scene geometry. Second, for the absence of
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