J-NeuS: Joint field optimization for Neural Surface reconstruction in urban
scenes with limited image overlap
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StreetSurf [12]
Figure 1. We introduce J-NeuS, a novel hybrid implicit surface reconstruction method specifically designed for large-scale driving se-
quences with limited camera overlap. Extensive experiments on four major driving datasets demonstrate the superiority of J-NeuS’s mesh
(top, from left to right: mesh normals, textured mesh and shaded mesh) over previous state-of-the-art methods (bottom).
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Abstract

Reconstructing the surrounding surface geometry from
recorded driving sequences poses a significant challenge
due to the limited image overlap and complex topology of
urban environments. SoTA neural implicit surface recon-
struction methods often struggle in such setting, either fail-
ing due to small vision overlap or exhibiting suboptimal
performance in accurately reconstructing both the surface
and fine structures. To address these limitations, we intro-
duce J-NeusS, a novel hybrid implicit surface reconstruction
method for large driving sequences with outward facing
camera poses. J-NeuS leverages cross-representation un-
certainty estimation to tackle ambiguous geometry caused
by limited observations. Our method performs joint op-
timization of two radiance fields in addition to guided
sampling achieving accurate reconstruction of large areas
along with fine structures in complex urban scenarios. Ex-
tensive evaluation on major driving datasets demonstrates
the superiority of our approach in reconstructing large driv-
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ing sequences with limited image overlap, outperforming
concurrent SoTA methods.

1. Introduction

Accurate 3D surface reconstruction of large urban scenes is

essential for many challenging autonomous driving applica-

tions, such as scene relighting [22], sensor simulation [37],

and 3D object insertion [34]. However, achieving high-

quality reconstructions in driving environments remains a

significant challenge, where the difficulty primarily stems

from two key factors:

¢ Complex outdoor geometry: Urban scenes often feature
arbitrary object arrangements, including large textureless
planar surfaces and intricate fine structures.

¢ Geometric ambiguity from outward facing sensors:
Limited camera overlap and the linear trajectory of vehi-
cles introduce significant uncertainty in the reconstruction
process.

Neural Radiance Fields (NeRF) [18] have emerged as a



powerful approach for 3D scene reconstruction in such set-
tings. Leveraging differentiable volume rendering, NeRF
enables accurate reconstruction from images and their as-
sociated camera poses, effectively avoiding the error ac-
cumulation typically seen in traditional multi-view stereo
pipelines. Although NeRF-based methods have demon-
strated impressive results in capturing high frequency scene
details [1, 20], its under-constrained optimization problem
leads to bad scene geometry, especially when vision cues
are limited [5, 21]. To adapt to large scenes with complex
structures, either 3D priors, such as LiDAR pointcloud, or
strong assumptions are introduced to constrain the original
optimization problem [8, 23, 28, 29].

Neural implicit surface methods [30, 31, 38], overcome
the limitation of NeRF by replacing the volumetric density
field with a Signed Distance Function (SDF). The SDF for-
mulation represents the surface at its zero level sets and
is regularized using the Eikonal constraint. Current neu-
ral SDF methods demonstrate high fidelity reconstruction
quality in object-centric scenes with large texture-less sur-
faces [15, 39]. However prevalent SDF methods like Neu-
ralangelo [15] work better on landmark-centric scenes with
large image overlaps but fail to reconstruct urban scenes
captured by vehicle-mounted cameras due to limited obser-
vation overlap [7, 9]. Moreover, SDF-based methods of-
ten struggle to preserve fine structural details due to biased
depth estimation and over-regularization of geometric con-
straints [32, 41], an issue that is critical for downstream au-
tonomous driving applications.

To achieve high-quality surface reconstruction for au-
tonomous driving — capturing both fine structures and large
surfaces — recent approaches integrate volumetric and SDF
representations. These methods partition scenes into dis-
tinct regions and apply specialized reconstruction [12] or
sampling strategies [27, 35] tailored to each region’s unique
characteristics. Additionally, other methods [9] demon-
strate that SDF representations can benefit from volumet-
ric initialization, enabling faster convergence and improved
geometric fidelity. However, these solutions often result in
suboptimal geometry quality due to overly strong geometric
assumptions about the scene or reliance on coarse initializa-
tion that introduce noise from volumetric prediction.

In order to accurately combine the strengths of both
volumetric and SDF representation, we propose an uncer-
tainty estimation framework that identifies a noisy predic-
tions arising from geometric ambiguity. Specifically, we
estimate two types of uncertainty — photometric uncertainty
and geometric uncertainty — to jointly train the volumet-
ric and SDF models. These uncertainty measures guide
the sampling process, ensuring that each representation is
deployed where it performs better while mitigating over-
regularization in the SDF to facilitate fine structure learning.
Our approach effectively handles the complex geometry of

urban environments, enabling efficient rendering and pre-

cise surface reconstruction. We evaluate our proposed solu-

tion on four public driving datasets: KITTI-360 [16], Pan-

daset [36], Waymo Open Dataset [26], and nuScenes [2],

demonstrating robust reconstructions of intricate urban ge-

ometry with limited image overlap.

The main contributions of our method are the following:

* Joint optimization of NeRF and SDF: We propose
a framework that fuses volumetric (NeRF) and surface
(SDF) representations so each excels in regions where it
is better.

* Guided Ray Sampling: We introduce a novel sampling
strategy that leverages cross-representation uncertainty
to tackle ambiguous geometric cues, enabling faster and
more accurate surface reconstruction.

* Adaptive Relaxation on geometry regularization: We
dynamically relax the Eikonal constraint and monocular
cues in uncertain regions to avoid over-smoothing, ensur-
ing complete fine-structure reconstruction.

2. Related work

Neural implicit surface reconstruction Traditional sur-
face reconstruction techniques, such as Multi-View Stereo
(MVS) [19], have long been the cornerstone of 3D recon-
struction tasks. However, their multi-step pipelines are
prone to error accumulation, often resulting in incomplete
or inaccurate reconstructions. In contrast, neural implicit
surface reconstruction approaches adapt volume rendering
for more accurate surface estimation [30, 38], reducing the
need for manual post-processing. Subsequent advances tar-
get faster training [31] or to and more complex geome-
try [15, 32]. Notably, Neuralangelo [15] and Neurodin [32]
achieve highly fidelity reconstruction of complex geome-
tries in object-centric scenes where large observation over-
laps are present. However, they face significant challenges
when applied to autonomous driving scenarios [7, 9], where
the camera trajectory is linear and image overlap is limited.

Urban outdoor surface reconstruction. To enhance sur-
face reconstruction in autonomous driving scenes with lim-
ited image overlap, recent methods typically rely on 3D
supervision [24, 34], strong geometric priors [12, 28], or
monocular supervision [9, 12]. While these approaches
effectively model large planar areas, they often struggle
to capture fine details due to strong geometric assump-
tions [28], inconsistencies in monocular predictions [12] or
over-regularization on intricate features [9].

Recent approaches have also explored 3D Gaussian
splatting for surface reconstruction [3, 4, 11, 42]. These
methods, however, often rely on heavy post-processing
techniques, such as Poisson Surface Reconstruction [14], to
extract the final surface, adding computational complexity.
GoF [40] and StreetSurfGS [7] offer a direct approach for
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Figure 2. Overview of J-NeuS: we jointly train two implicit model: a volumetric representation F¢ and a SDF ]-'(i; with a mutual
guidance provided through our Guided Ray Sampling strategy. A colorized mesh of the scene £ is periodically extracted from the SDF

representation.

mesh extraction by explicitly learning level sets. However,
they still face memory bottlenecks in large-scale scenes and
require TSDF fusion together with additional mesh clean-
ing to achieve acceptable mesh quality. Unlike HUGS [42],
which targets dynamic element decoupling, we focus on
static geometric fidelity under limited-overlap conditions.
Consequently, we adopt GoF[40], a representative SOTA
for direct GS-based extraction, as our primary baseline.

Hybrid scene representation. To overcome the limita-
tions of SDF methods in capturing fine structures, recent ap-
proaches integrate volumetric and SDF representations by
dividing scenes into distinct regions and applying special-
ized reconstruction or sampling strategies. Turki et al. [27]
and Wang et al. [35] segment scenes based on the scaling
factor used to convert SDF into density, and employ distinct
sampling techniques for volumetric and surface regions to
enable real-time, high-quality rendering. StreetSurf [12]
models different regions — close, far, and sky — using differ-
ent hierarchical space partitioning (e.g., 3D/4D hash grids,
occupancy grids). This improves performance in urban
scenes but imposes strong priors tied to vehicle ego poses,
limiting generalizability. Meanwhile, ViiNeuS [9] initial-
izes SDF sampling with volumetric density before gradu-
ally transitioning to a pure SDF representation, accelerat-
ing convergence and achieving state-of-the-art results on
autonomous driving benchmarks. However, this approach
risks introducing artifacts from the volumetric representa-
tion that can adversely affect the final SDF reconstruction.

Building on these insights, we propose a more adaptive
divide-and-conquer technique that dynamically partitions
the scene based on uncertainty across both representations.
By applying tailored sampling and regularization strategies
for different region, our method preserves fine details while
effectively handling the large planar areas characteristic of
autonomous driving environments.

3. Method

Given a collection of RGB images captured from a moving
vehicle in an urban area with limited overlap, our goal is

to resolve perspective geometry ambiguities introduced by
partial scene observations and to accurately reconstruct sur-
faces with precise structural details. To achieve this, we pro-
pose selectively fusing volumetric and SDF representations,
with uncertainty guiding the division of labor between the
two representations. Specifically, we use two implicit repre-
sentations: a volumetric radiance field 7§ and an SDF field
.Fg) with trainable weights ©, and Oy, respectively. We
also extract at regular intervals during training a colorized
mesh £ from ]-'Cf) using the marching cubes algorithm. An
overview of our method is presented in Fig. 2

To selectively fuse NeRF and SDF representations dur-
ing training, we first introduce photometric and geometric
uncertainty estimation across the two representations ¢
and ]—'é (Section. 3.1). We then jointly optimize both rep-
resentations with Guided Ray Sampling based on uncer-
tainty estimation to leverage the strengths of both represen-
tations (Section. 3.2). Additionally, to ensure the preserva-
tion of fine structures, we relax the Eikonal constraint and
monocular supervision in uncertain regions to avoid over-
regularization of the SDF field (Section. 3.3).

3.1. Cross Representation Uncertainty Estimation

Due to the inherent partial observations in autonomous driv-
ing scenarios, both volumetric and SDF representations ex-
hibit epistemic uncertainty in regions where visual cues are
sparse. These regions are characterized by high variance in
RGB and depth predictions, or deviations from the ground
truth. To fully leverage the strengths of both representa-
tions, it is crucial to identify areas with high uncertainty and
adaptively apply tailored sampling and regularization strate-
gies. In the following sections, we first introduce the key
concepts and notation related to our volumetric and SDF
representations. We then describe how uncertainty is esti-
mated to selectively fuse both representations effectively.

Background - Implicit volumetric representation. A
volumetric radiance field is a continuous function F4 map-
ping a position and direction pair(x,u) € R® x S? to a
volume density o € R* and a color ¢ € [0, 1]3. Mildenhall



et al. [18] model this function with a multi layer perceptron
(MLP) whose weights 6 are optimized to reconstruct a 3D
scene given a set of posed images during training.

To render an image and depth, volume rendering is ap-
plied to alpha-composite the color for each ray, yielding
the final pixel color C,(r) € R? and the depth value
D,(r) € R* to be:

N

Co(r) = wici, w; = Ty, (1
=1

R N

Dy(r) = wizi, wi = Tia, )
i=1

where T; = H;;(l — a;) is the accumulated transmit-
tance, a; € R the blending factor and z; € R™ is the dis-
tance of the sample to the camera center. Here, a; is com-
puted from the predicted density: «; = 1 — exp(—0;6;),
with §; € RT being the distance between samples along the
ray.

Background - Implicit surface representation. While
the volumetric field predicts a pointwise 3D density o(z)
at each location x, the SDF instead predicts a signed dis-
tance function f(x) and converts it to density using a lo-
gistic function ¢,(f) with a global scale parameter s, ef-
fectively confining the density to a narrow band of width
O(1/s) around the surface [35]. To enable volume ren-
dering, the signed distance function f is then transformed
into the density ¢ using sigmoid-shape mapping for alpha
compositing. NeuS [30] adopted a new formulation of the
blending factor:

o = max (‘I)s(f(pi

) = @s(f(Pit1))
s Y23 ) 7O) 7 ®

. (f(pi)

where f(p;) and f(p;+1) are signed distance values at sec-
tion points centered on x;, ®(x) the sigmoid function.

Uncertainty estimation. When reconstructing urban
scenes, the direct 3D point-based density prediction of the
volumetric field enables rapid fitting of high-frequency ge-
ometry (e.g., poles), but may also introduce spurious den-
sity (floaters) on large planar surfaces [30]. In contrast, the
more constrained density prediction of the SDF promotes
surface continuity, but may over-smooth fine details when
using a uniform or overly small scale parameter s. To har-
ness the complementary strengths of both representations,
it is essential to identify and suppress their unreliable pre-
dictions. To this end, we introduce two complementary un-
certainty estimates: geometric uncertainty (u4) and pho-
tometric uncertainty (1.).

The first type of uncertainty focuses on identifying re-
gions with ambiguous geometric information: areas where
visual cues are insufficient for geometry reconstruction
(e.g., textureless surfaces or partially observed complex
structures). Ideally, one would measure epistemic uncer-
tainty by comparing predictions with dense 3D ground
truth. However, in autonomous driving scenarios, such
ground truth is often unavailable. Therefore, we propose to
measure uncertainty by evaluating the consistency between
the two representations: Given a ray r, we introduce the ge-
ometry uncertainty based on the rendered depth from Fg,
apd the distance to the first intersection with the mesh &,
Dg (I‘)Z

pae) = 1 = 228 “)
Dy(r)

High values of p4 indicate inconsistency between the vol-
umetric and SDF models, suggesting that at least one rep-
resentation is uncertain. In such cases, we preferentially
rely on the volumetric field for two key reasons. First, dur-
ing initialization, it captures fine structures more completely
and achieves faster convergence [9]. Second, in later stages,
probability sampling 3.4 of ]-'g) can effectively filter out
noise introduced by the volumetric field ¢ while preserv-
ing the fine details that 7 initially localized.

Secondly, we introduce a photometric-based uncertainty
to evaluate the predictions of the SDF field. We hypothesize
that if the learned SDF field is accurate, a single-sample
rendering at the mesh depth should yield a precise photo-
metric rendering. Casting a ray r = o+ tu from the camera
center o through the pixel along direction u, we define the
photometric uncertainty indicator as:

pe(r) = |Ce (r) = C(r)], (5)

where C' indicates rgb ground truth, and C’g(r) represents
the rgb value of fé at the point 0 + D¢ (r)u, i.e. the point
on the Mesh & of the given ray. pu.(r) is used to divide
certain and uncertain regions in the SDF representation (see
Section. 3.3). We use it to guide the sampling strategy of the
J§ for certain regions, and adaptively relax geometric reg-
ularization in uncertain regions to prevent over-smoothing.
While pi. does not guarantee accurate depth alignment, it is
sufficient to quickly populate large planar regions without
requiring complete rendering of ;. We provide a visual-
ization of fi. ancL Hd in Figure 3.

GT.RGB Epoch 11 Epoch 01

Figure 3. Visualization of p1g and p¢, maximum clamped at 0.3.



3.2. Guided Ray Sampling (GRS)

To selectively fuse the volumetric and SDF representation
during training, we propose to jointly train Fg and ]-'é
via Guided Ray Sampling (GRS) based on previously intro-
duced uncertainty . and pg. Specifically, for the volumet-
ric representation, we use . to guide the sampling toward
the surface of the mesh £& where SDF field ]-'g) is confi-
dent. For the SDF representation, we focus the sampling to
the estimated surface of the best-suited representation, us-
ing geometric uncertainty (4.

Volumetric-GRS. We consider a batch of rays r € R,
with for each ray r the corresponding original sampling in-
terval [¢,,, ¢ ¢]. To improve volumetric reconstruction on pla-
nar surfaces, we adjust the sampling bounds to focus more
on the estimated depth of the Mesh Dg(r) if the u.(r) is
below a certain threshold 7:

_[10.0str)+ 8] ifpe <7
[tnvtf}( )= {[07 oo[ otherwise, (6)

where § is a hyperparameter (analogous to the shell factor
in [35]) periodically updated. This helps avoid noisy planar
predictions that may arise from the under-constrained op-
timization of the volumetric representation, ensuring more
accurate surface reconstruction. In practice, 7. is set as a
constant for each dataset (see Section. 2 in supplementary
material).

SDF-GRS. After rendering F§ with guided sampling, the
predicted depth D, (r) becomes available, allowing us to es-
timate the geometric uncertainty ug to direct the sampling
of ]:c{)- Since high p4 values indicates regions where the
predictions of the two representations are inconsistent, it is
crucial to decide which representation to trust. Here, we
propose trusting the volumetric representation, as it typi-
cally learns faster and captures complex structures more ef-
fectively and expect that noisy predictions from F§ will be
handled by the Volumetric-GRS.

Similar to Volumetric-GRS, we adjust the sampling
bounds based on the geometric uncertainty zi4(r). If pg(r)
exceeds a threshold 74, we focus the sampling on the es-
timated depth from the volumetric field D,(r). Other-
wise, sampling is concentrated around the depth of the mesh
De¢(r), ensuring accurate surface reconstruction in both
cases:

if bd < Td,

_ [[De(w) =8, De(r) +3]
[tn, t4)(r) = {[Du(r) —8,Dy(r) + 9]

with ¢ being the same shell factor hyperparameter described
in the previous paragraph.

otherwise,

Adaptive thresholding. The SDF-GRS strategy employs
a threshold 74 to classify rays as “certain” or “uncertain,’
but selecting an appropriate value a priori can be difficult
across varying scenes and reconstruction tasks. To over-
come this, we propose a lightweight, data-driven algorithm
that adaptively adjusts 74 based on the observed ratio of cer-
tain to uncertain rays (see Algorithm 1). Empirically, this
adaptive scheme generalizes robustly across diverse urban
environments (see supplementary material for details).

Algorithm 1: Adaptive Uncertainty Threshold 7

Input: 7, {14(r;)}Y ;: depth uncertainties of N rays

Data: ~y4,y,: growth/decay factors; phigh, Plow: Tatio thresholds
Output: Updated 7
w37 [a(rs) > 7] = (N —u); p < (u/c);
if p > pyign then

| 77X
else if p < pj,, then

T T X5

return 7

3.3. Adaptive Relaxation on Geometric Constrain

Another critical factor in capturing fine structures within the
SDF field is avoiding over-regularization while the geome-
try remains under-optimized [32, 33]. Whereas previous ur-
ban reconstruction methods enforce the Eikonal constraint
across the entire scene [9, 12], we adaptively relax it in
regions where the SDF prediction is uncertain. Addition-
ally, we relax normal supervision in the same way based on
pseudo ground truth normals N (r) predicted by an off-the-
shelf network [10], circumventing unreliable supervision.
Below, we define our two uncertainty-aware geometric reg-
ularization term:

£ =1 (| - 5] +
f(
|- (k) sol).
L =T, - (||Vf(m(i7j))”2 o 1)2 ) )

where x y denotes the closest sample to the surface, as de-
scribed in [9]. We define the indicator function I, as fol-
lows, which can be regarded as a trimmed robust kernel
that down-weights uncertain regions during supervised loss
computation, in line with RobustNeRF [25]:

L if pe(r) > 7o,
H.“‘c =

0, otherwise.



3.4. Optimization details

Probability sampling. While the GRS mechanism ad-
justs the sampling boundaries of each ray based on uncer-
tainty, we further refine the sampling process using a den-
sity estimator. Specifically, we employ a proposal network
— similar to ViiNeuS [9] — that is self-supervised by the vol-
umetric field 5§ using the proposal loss £,, introduced in
MipNeRF360 [1]. At the end of the training, we switch to
computing the PDF weights directly from f(ig to allow the
SDF representation to be freely refined.

Losses. For both representations, 5§ and ]-"é, we employ
a standard L, loss to minimize the pixel-wise color differ-
ence between the rendered image C and the ground truth
image C, along with a DSSIM [28] loss on color patches.
These losses are jointly denoted as Lyp,. Similar to Street-
Surf [12], we model the sky color using an auxiliary MLP
conditioned on the ray direction and introduce a sky loss
Ly to enforce zero opacity for sky pixels. The segmenta-
tion mask is generated using an off-the-shelf semantic seg-
mentation network [6]. In addition to the geometric reg-
ularization described in Section. 3.3, we apply distortion
regularization £4 from MipNeRF [1] to mitigate floaters.
Finally, to enhance fine structure learning, we incorporate
an additional semantic head into F§ and impose a cross-
entropy loss for semantic supervision, denoted as Lgep,.

The total losses for the volumetric field (L) and the SDF
field (Ly) are:

[»v - £rgb + )\dﬁd + )\aky['sky + )\]\”]['1\7 + Asem[«sem, (10)
L:f = L:rgb + Adﬁd + Asky[:sky + AJ\A]‘C”]L\f + )\eik[':ika (11)

where Ag, Asky» Anormals Ad> Anormals Aeik are scaling factors.
During the early epochs, we reduce the coefficients for both
normal supervision and distortion regularization to facilitate
a stable initialization.

4. Experiments

Implementation details We use hash encoding to encode
the positions [20], and spherical harmonics to encode the
viewing directions. We use 2 layers with 64 hidden units
for the MLPs F% and F¢,. We trained our model on a sin-
gle consumer GPU with 24GB of VRAM, using Adam opti-
mizer with a cosine learning rate decay from 10~2 to 10~
We use Marching Cubes [17] to generate the final mesh that
represents the scene. Further implementation details can be
found in the supplementary materials.

Datasets We evaluate our method on four public driv-
ing datasets: KITTI-360 [16], nuScenes [2], Waymo Open
Dataset [26], and Pandaset [36]. For each dataset, we select

KITTI Pandaset Waymo nuScenes
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
StreetSurf 2404 0.83 2224 066 2342 077 2228 0.76
ViiNeuS 2483 0.89 2295 080 2374 0.87 2196 0.83
GOF 2334 086 2554 0.87 2092 0.81 19.13  0.76
J-NeuS (ours) 24.11  0.88 23.1 0.80 2490 0.88 2410 0.86

Table 2. Mean photometric results for each dataset. We highlight best
performing methods in green and second one underlined.

four diverse scenes to capture a wide range of urban set-
tings. In the case of Pandaset, we focus on static sequences
and mask dynamic vehicles to ensure consistent evaluation.

Baselines We compare our proposed solution to current
state-of-the-art (SoTA) surface reconstruction methods, in-
cluding the SDF-based approaches StreetSurf [12] and Vi-
iNeuS [9], as well as the Gaussian splatting-based method
GoF [40]. StreetSurf [12] models close, far, and sky re-
gions using hierarchical space partitioning, with 3D and
4D hash grids and occupancy grids for efficient ray sam-
pling. ViiNeuS [9] initializes the SDF field with volumetric
density predictions, achieving SoTA results in autonomous
driving scenario. GoF [40] is a Gaussian splatting method
that achieves SoTA performance in object-centric scenes
with high image overlap. It leverages 2D Gaussian splat-
ting regularization losses [13] and introduces an enhanced
mesh extraction solution tailored for 3D Gaussian splat-
ting (3DGS). In our experiments, we initialize GoF using
COLMAP-derived sparse and dense point clouds, denoted
as GoF-sparse and GoF-dense, respectively.

Evaluation metrics In addition to conventional photo-

metric metrics (see Table 2), we assess the quality of the

reconstructed meshes using two metrics similar to those in

ViiNeusS [9].

e Point to Mesh (P—M): the mean distances from the
ground truth LiDAR points to the predicted SDF-
generated mesh.

* Precision (Prec.): the percentage of LiDAR points with
a distance to the mesh below 0.15m.

4.1. Results

Quantitative analysis. We report quantitative results
across four datasets in Tab. 1. Our method consistently out-
performs or matches SoTA approaches, achieving the top
metrics in most scenes on KITTI-360 and nuScenes and de-
livers competitive results on Pandaset and Waymo.

We observe higher P—M errors on Waymo and PandaSet
due to densely occluded vegetation present in the LiDAR
ground truth, not completely visible in the training images
(see Figure. 2 in the supplementary). Our GRS strategy fo-
cuses sampling around the “visible” surface, forming a thin
shell around trees and shrubs, which inflates the P—M er-
ror. Despite this, Our method obtains the best photomet-



KITTI-360 [16] Pandaset [36]

Seq. 30 Seq. 31 Seq. 35 Seq. 36 Seq. 23 Seq. 37 Seq. 42 Seq. 43
P—M Prec. P—M Prec. P—-M Prec. P—M Prec. P—M Prec. P—M Prec. P—M Prec. P—M Prec.
StreetSurf [12] 0.14 050 0.09 0.71 0.10  0.67 0.11 0.66 252 017 025 066 036 029 019 029
ViiNeusS [9] 0.13 056 011 0.71 0.11 0.66 0.13 0.72 017 035 022 044 015 059 017 045
GOF [40] - sparse - - 0.29 0.53 0.23 0.63 - - 045 032 028 060 028 046 050 035
GOF [40] -dense ~ 0.17 071 0.16 072 020 0.74 0.11  0.80 037 035 027 062 048 033 031 044
J-NeuS (ours) 010 078 0.09 085 0.09 084 0.09 085 021 038 023 053 020 062 0.20 0.52
Waymo [26] nuScenes [2]
Seq. 10061 Seq. 13196 Seq. 14869 Seq. 102751 Seq. 0034 Seq. 0071 Seq. 0664 Seq. 0916
P—M Prec. P—-M Prec. P—M Prec. P—M Prec. P—M Prec. P—M Prec. P—M Prec. P—M Prec.
StreetSurf [12] 022 043 035 053 023 0.35 0.25 0.24 057 029 078 047 0.67 050 065 028
ViiNeusS [9] 019 044 022 048 0.14 047 0.19 030 040 020 022 059 040 040 022 054
GOF [40] - sparse  1.87 032 232 0.20 1.63 0.36 1.54 029 155  0.07 172 016 149 0.2 141 0.8
GOF [40] - dense 1.20 0.38 1.17 0.39 1.55 0.41 2.11 0.34 .02 0.12 1.55  0.23 144 0.12 1.06  0.29
J-NeuS (ours) 023 047 027 048 0.19 0.60 022 0.46 030 043 035 056 026 056 021 0.64

Table 1. Quantitative results on KITTI-360 [16], Pandaset [36], Waymo Open Dataset [26] and nuScenes [2]. We report the mean Point
to Mesh (P—M) distance in meters m, and the percentage of points with a distance to mesh below 0.15m (Prec.). We highlight best

performing methods in green and second one underlined. Missing entry (—) designate failure case.

(a) w/o GRS

(b) w/o Ada. Relax.

Figure 4. Ablations study: we deactivate some J-NeuS ’s key com-
ponents. (a) without GRS directed by 114, (b) without adaptive
relaxation on Eikonal constrain and normal supervision

ric score on Waymo and the highest average precision on
each individual dataset. Averaged over the four datasets,
our method achieves a precision score of 0.60, outperform-
ing ViiNeuS (0.49) and other methods. Additionally, we
attain the best mean P—M error of 0.20 m, equivalent to
ViiNeuS, with StreetSurf at 0.47 m and GoF-dense at 0.82
m. These results highlight our strength in capturing precise
geometry, underscoring the effectiveness of our joint opti-
mization design.

Qualitative analysis. To complete our evaluation, we fur-
ther present qualitative geometric results in Figure 5 across
different dataset with complex scenes geometry, including
a mixture of large road surfaces and fine structures such
as poles, traffic lights, and tree trunks. Both ViiNeuS [9]
and StreetSurf [12] are able to reconstruct smooth complete
surface but result in incomplete fine structure reconstruc-
tion. GoF [40] produce high quality on fine structures but
fails large road plane reconstruction (see sequence 0064 of
nuScenes dataset). Our results demonstrate that our method
outperforms the other baselines in accurately reconstruct-
ing both surfaces and fine structures, under conditions of
limited image overlap.

Efficiency Table 3 reports the computational performance
of each method. J-NeuSachieves the fastest mesh extraction
time—under 30s—whereas GoF requires approximately 30

mesh extraction time train time  params. size

(infer. & post-process. min) (min) (MiB)
GOF 30 30 — 60 100 — 300
StreetSurf ~ 1 40 92.59
ViiNeuS < 0.5 20 27
J-NeusS (ours) < 0.5 35 51

Table 3. Performance was evaluated on the KITTI-360 dataset using the
same consumer-grade GPU with 24GB of VRAM.

minutes. Moreover, our approach delivers the highest-
quality meshes while maintaining moderate training time
and memory usage, a critical combination for large-scale
autonomous driving applications.

4.2. Ablation study
P—M (all) Prec. (all) P—M (pole)
w/o GRS 0.11 0.79 0.46
w/o Ada. Relax. 0.13 0.75 0.53
Full model 0.09 0.83 0.21

Table 4. Ablation of our contributions (Guided Ray Sampling and
Adaptive Relaxation) on the KITTI-360 dataset.

To have a clear understanding the contribution of each
key component in our method, we conducted an ablation
study on the KITTI-360 dataset. The results are presented
in Table 4 and Figure 4. We observe that both GRS and
Adaptive Relaxation improve overall geometry, with Adap-
tive Relaxation proving essential for complete fine struc-
tures reconstruction (reducing the P—M metric from 0.53
to 0.21). These findings align with the motivations behind
our method design.

5. Conclusion

In this work, we presented J-NeuS, a novel uncertainty es-
timation framework that effectively combines volumetric
SDF representations for robust urban scene reconstruction



StreetSurf [12]

ViiNeusS [9]

KITTI-360 [16] — Seq. 30

Waymo [26] — Seq. 14689 Pandaset [36] — Seq. 037

nuScenes [2] — Seq. 0664

GoF [40]-dense J-NeuS (ours)

Figure 5. Qualitative experiments results on four popular autonomous driving datasets. Complex scene geometries reconstructed by the
mesh are color highlighted. We compare our mesh to the ones from StreetSurf [12], ViiNeuS [9] and GoF [40]

under limited view overlap. By estimating both photomet-
ric and geometric uncertainty, we introduce Guided Ray
Sampling to deploy each representation where it excels. To
avoid over regularization we propose a novel robust kernel
to adaptively relax geometric regularization for SDF. Ex-
tensive quantitative and qualitative evaluations show that J-
NeusS outperforms SoTA SDF and Gaussian splatting meth-
ods, delivering more accurate reconstructions on both large

planar regions and fine structures under autonomous driving
sensor setting.
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