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Figure 1. We introduce ViiNeuS, a novel SDF initialization method tailored to accurately reconstruct large-scale driving scenes from
RGB images with limited overlaps. Extensive experiments on popular driving datasets show the superiority of ViiNeuS’s mesh (left) over
previous state-of-the-art methods such as StreetSurf[11] (right). The figure presents both the initial mesh and the textured one as derived

from both techniques.

Abstract

Neural implicit surface representation methods have re-
cently shown impressive 3D reconstruction results. How-
ever, existing solutions struggle to reconstruct driving
scenes due to their large size, highly complex nature and
their limited visual observation overlap. Hence, to achieve
accurate reconstructions, additional supervision data such
as LiDAR, strong geometric priors, and long training times
are required. To tackle such limitations, we present Vi-
iNeusS, a new hybrid implicit surface learning method that
efficiently initializes the signed distance field to reconstruct
large driving scenes from 2D street view images. ViiNeuS’s
hybrid architecture models two separate implicit fields: one
representing the volumetric density of the scene, and an-
other one representing the signed distance to the surface.
To accurately reconstruct urban outdoor driving scenarios,
we introduce a novel volume-rendering strategy that relies
on self-supervised probabilistic density estimation to sam-
ple points near the surface and transition progressively from
volumetric to surface representation. Our solution permits
a proper and fast initialization of the signed distance field

without relying on any geometric prior on the scene, com-
pared to concurrent methods. By conducting extensive ex-
periments on four outdoor driving datasets, we show that
ViiNeuS can learn an accurate and detailed 3D surface rep-
resentation of various urban scene while being two times
faster to train compared to previous state-of-the-art solu-
tions.

1. Introduction

Achieving accurate 3D reconstruction from multi-view-
consistent images has been an important topic in computer
vision and computer graphics communities for decades. A
3D representation of the perceived environment is funda-
mental for many tasks, such as scene re-lighting [47], scene
editing [48] and 3D object insertion for artificial data aug-
mentation [40].

Recently, neural implicit surface representation meth-
ods [38, 44] have shown impressive 3D surface recon-
struction performance from monocular images, achieving
highly detailed and precise mesh representations. Such
methods are originally inspired by Neural Radiance Fields
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(NeRF) [23], and re-framed for multi-view surface recon-
struction. NeRF introduced volume rendering for Novel
View Synthesis (NVS) by sampling points along camera
rays. These points, along with their viewing directions, are
fed into a Multi-Layer Perceptron (MLP) to predict their re-
spective colors and densities. The final image is rendered
by blending these predicted values using alpha composit-
ing. Conversely, neural surface representation methods aim
to approximate the surface using a learnable Signed Dis-
tance Function (SDF) [38, 44]. Unlike NeRF, the outputs
of the MLP are colors and SDF values instead of colors
and volumetric densities, which are later blended using a
modified alpha-compositing equation adapted to SDF. An
accurately reconstructed surface is represented as the zero-
level set of the SDF. Assuming objects are centered in the
scene, the SDF is initially set to a spherical shape to bound
the region of interest. While current methods achieve im-
pressive reconstruction results, they are mainly designed
for bounded, high-overlap observations of object-centric or
landmark scenes. Applying them to urban scenes with lim-
ited image overlap leads to sub-optimal reconstructions due
to their significantly different nature. Challenges include
partial scene observability (e.g., occlusions from parked
cars) and the need to handle both close- and far-range ob-
jects. Moreover, the geometry of driving scenes is highly
complex, with fine structures and large untextured areas like
roads and buildings. To overcome such limitations, implicit
surface reconstruction of large outdoor driving scenes com-
monly relies on LiDAR supervision [28, 40] or strong ge-
ometric priors [11]. These approaches require longer train-
ing time to produce qualitative outdoor scene reconstruction
meshes [19].

To address those challenges, we propose ViiNeusS, a hy-
brid approach to accurately initialize a signed distance field
of a large area and represent complex surfaces from ur-
ban outdoor driving scenarios with high accuracy and ge-
ometric precision while requiring half of the training time
compared to other state-of-the-art solutions [11]. We pro-
pose a hybrid architecture that models two separate implicit
fields: one representing the volumetric density of the scene
and another one representing the signed distance to the sur-
face. ViiNeuS’s novel volume rendering approach relies on
a self-supervised density estimator which permits to sample
points near the surface along with a progressive sampling
strategy that smoothly initializes and transitions from a vol-
umetric to a surface representation, drastically reducing the
model convergence time. Inspired by previous state-of-the-
art works [11, 45], we supervise surface normals by relying
on normal cues predicted from a pre-trained monocular es-
timator [7]. We extensively validate our solution on KITTI-
360 [20], Pandaset [42], Waymo Open Dataset [33], and
nuScenes [3]. By comparing the quality of the extracted
meshes from the signed distance field, we show that our

method can efficiently reconstruct urban outdoor scenarios

showing SoTA accuracy.

To summarize, the main contributions of our work are:

* a novel learning method that progressively initialize a
signed distance field from street views with limited im-
ages overlap,

* a hybrid architecture, suited to the complexity of outdoor
urban scene, that models two distinct implicit fields to
represent both the volumetric density and the signed dis-
tance field,

* a new volume rendering technique that relies on self-
supervised probabilistic density estimation to efficiently
sample points near the surface, significantly reducing
overall training times to obtain a scene mesh,

* an extensive comparison of SoTA implicit SDF and ex-
plicit MVS reconstruction solutions on 4 major driving
datasets, showing the adaptability and superiority of Vi-
iNeuS for urban scenes surface reconstruction.

2. Related work

Multi-view surface reconstruction. Traditional surface re-
construction techniques represent a scene either by occu-
pancy grids [6, 27, 35, 36] or relying on point clouds [8, 29,
30, 32]. Occupancy grids-based methods are often limited
by the voxel resolution and suffer from high memory con-
sumption. On the other hand, Multi-View Stereo (MVS)
techniques [24] generate, from posed images, dense point
clouds associated with surface normal that can be utilized in
a subsequent surface reconstruction step [17]. These meth-
ods heavily depend on the quality of the generated point
cloud. Nevertheless, they can accumulate errors due to their
complex multi-step pipelines, and are mostly designed for
object-centric scenes with high overlaps between the obser-
vations. We refer the reader to dedicated surveys for in-
depth analysis of such techniques [2, 22, 49].

Neural implicit surface representations. NeRF-based
methods achieve impressive NVS results but fail to ac-
curately reconstruct scene surfaces given the lack of con-
straints or priors on the surface when modeling the scene
as a density volume. Neural surface reconstruction ap-
proaches, explicitly represent the surface as an SDF and
propose various adaptations to train such methods through
differentiable volume rendering [38, 44]. NeuS [38] pro-
poses a novel SDF-based rendering equation that relies on
SDF values to compute the alpha blending factor used in
volume rendering instead of densities as in NeRF [23].
However, NeuS’s geometric initialization is designed for
object-centric datasets and requires long training times. Re-
cent works aim to reduce the training time [39] or re-
construct large-scale highly detailed landmark scenes [19].
Neuralangelo [19], a SoTA method for outdoor landmarks
reconstruction, requires many overlapping images assum-
ing the structure to be reconstructed is centered within the
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scene. Indeed, similar to NeuS, they initialize the SDF with
a spherical shape. Such approaches are not tailored for large
unbounded driving scenarios and still require hours of train-
ing. In contrast, our method is built upon NeuS’s formula-
tion but is designed to reliably represent urban outdoor driv-
ing scenes.

Driving scenes surface reconstruction. Few surface re-
construction methods consider acquisition from a moving
camera rig for driving sequences surface reconstruction.
Existing solution are mainly guided by LiDAR such as
FEGR [40] and Urban Radianc Fields [28], limiting their
large-scale deployment. StreetSurf [11], the most related
method to our proposal, divides the scene into separate
close-range and far-range views and uses ego pose-based
road surface initialization. This method assumes the road
and sidewalk are at the same height across the entire scene,
which limits its applicability to long, narrow driving scenar-
ios, as seen in the Waymo Open Dataset [33]. Instead, Vi-
iNeuS does not rely on such topological assumptions, mak-
ing it more adaptable to a variety of driving scenes, includ-
ing those that are short and curvy. Additionally, ViiNeuS is
more compact and faster to train, as it represents the entire
scene with a single hybrid implicit field.

Hybrid scene representation. Some state-of-the-art meth-
ods have explored hybrid rendering solutions combining
volumetric and surface representations. Wang et al. [41] in-
troduced a hybrid method based on NeuS [38] using a spa-
tially varying kernel that adapts based on surface fuzziness.
This kernel allows the extraction of a narrow mesh envelope
around the surface, which enables ray casting only inside
this envelope, accelerating both rendering time and quality.
Other methods [12, 15, 34] combine explicit mesh repre-
sentations with SDF representations. The hybrid volume-
mesh representation reduces storage and resource demands
while outputting implicit geometry. Additionally, methods
like NeuSG [4] and other 3D Gaussian Splatting-based [ 18]
solutions [10, 14] aim to optimize Gaussians for surface
reconstruction, with some approaches directly identifying
level sets for surface extraction, such as in Gaussian Opac-
ity Fields [46]. The aforementioned solutions mainly focus
on improving the rendering speed and are better fitted for
scenes with high image overlap. In our proposal, we jointly
train a hybrid model to benefit from the fast training of a
density-based approach along with an accurate geometric
representation obtained thanks to the signed distance field
learning.

3. Method

ViiNeuS models the volumetric density and signed distance
field in a hybrid architecture. The details of this architec-
ture are presented in Sec. 3.2, while the novel underlying
volume rendering strategy is explained in Sec. 3.3. Our hy-
brid strategy relies on a self-supervised density distribution

estimation to sample points near the surface and progres-
sively transition from a volumetric to an implicit surface
representation from limited overlapping street views. To fa-
cilitate the convergence of our method, we further introduce
regularization techniques for the signed distance field. The
overall architecture of our proposed method is illustrated in
Fig. 2.

3.1. Preliminaries

NeRF’s Implicit Volumetric Representation. NeRF
[23] takes as input the 3D positions z; € R?3 and the view-
ing direction d € R? of sampled points along each cam-
era ray r and predicts their corresponding densities o; € R
and colors ¢; € R3. This representation of the scene is ap-
proximated using a Multi-Layer Perceptron (MLP). Finally,
volume rendering is used to alpha-composite the colors of
the samples along each ray and render the final pixel color
C(r) e R3:

N
C(r) = Zwici, w; = Ty, (0
i=1

where T; = H;;ll (1—qy) is the accumulated transmittance
along the ray and o; € R a blending factor. This factor
(referred to in the literature as the alpha-value) is used for
alpha-composing, and is given by:

o; =1~— eXP(—Uz‘CSi), ()

with §; € R being the distance between the samples along
the ray. Note that in ViiNeuS’s hybrid formulation, we refer
to this value as «; to disambiguate from alpha values de-
rived from the estimated SDF which is introduced in Eq. 3.

SDF representation with NeuS. For an accurate surface-
based representation of a 3D scene, NeuS [38] presented a
different formulation of the NeRF’s volume rendering equa-
tion. They represent the scene as a signed distance func-
tion, where the surface is the zero-level set of such func-
tion: S = {z € R3|f(z) =0}, where f(z) is the signed
distance value at a given position x. NeuS adopts a vol-
ume rendering formulation that introduces a density distri-
bution function ¢, (), which is formulated as the deriva-
tive of the sigmoid function ®4(z) = (1 +e*%) "}, that is,
¢s(x) = se=5% /(1 + e~*%)2, The standard deviation of ¢,
is 1/s and, as the network converges to an accurate surface
representation, this parameter moves toward zero. Follow-
ing NeuS’s formulation, the volumetric alpha used in Eq. |
is replaced by the following equation to approximate the
color C'(7):
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Figure 2. ViiNeuS overview — Our solution can be divided into two key components: an hybrid scene representation (Sec. 3.2) and a
ray-based volumetric rendering that progressively transitions from density to SDF sample alpha composition (Sec. 3.3).

where f(p;) and f(p;+1) are signed distance values at sec-
tion points centered on x;. In our formulation, we denote
alpha values derived from the estimated SDF as alf .

SDF field initialization In [43], the authors show that
geometric initialization of the signed distance field (SDF)
to a bounded sphere is key for learning an SDF function.
However, such initialization assumes full scene observabil-
ity from the training views and a centered region of interest,
which does not apply to driving scenes where the camera
mounted on the ego-vehicle remains on the road and fol-
lows a linear trajectory. StreetSurf [11] initializes the SDF
based on road-surface. Instead, we propose a progressive
initialization of the SDF, tailored for the complexities of
urban scenes, ensuring effective SDF learning across both
close and far-range elements in the entire driving sequence.

3.2. ViiNeuS’s hybrid architecture

Our hybrid method ViiNeuS learns the two different fields
simultaneously, as illustrated in Fig 3. ViiNeuS expresses
the scene using two functions, ]-'g and F§, encoded, re-
spectively, by two MLPs. The input 3D position z and
the viewing direction d are embedded, respectively, through
a positional and directional embedding into emb,,(x) and
emby(d).

FL takes as input emb,(x) and outputs a density o, a
signed distance value f(x), and a latent vector h, that is
(0, f(x), h) = F& (emby(x)) .

§ on the other hand, takes as input the latent vector / that
is outputted by ]-"g in addition to the embedded viewing di-
rection emby (d) and the normal vector 7 obtained from the
SDF gradient, to predict the color ¢ = F§& (embg(d), h, 7).

3.3. ViiNeuS’s volume rendering

Probabilistic density estimation. Probabilistic density
estimation along the ray is employed for a more targeted
sampling strategy that samples fewer points and accelerates

—_— O
—> f(2)
x emb, ]__g >
Positional g
embedding Vf(z) h -
Fs||l—
V£l
d emby Sample color

Figure 3. ViiNeuS architecture — Our method uses two MLP
functions F& and F to output SDF values and density (o and
f (), respectively) along with color values given an input sample.
We inspire from NeRF and design F§ to output the color given
the lattent vector h outputted by F&, the viewing direction () and
the normal vector 77 obtained from the gradient of the SDF.

the overall method’s training. Guided by the estimated den-
sity, N points are sampled along the ray, where higher den-
sity indicates the presence of the surface. Using ViiNeuS’s
architecture, alpha values are computed for these samples,
and volume rendering is performed to obtain the final color
associated with the ray:

N
O(T) = Z Tiaici,
=1

{

This resulting color is then compared to the ground truth
value to train our model. The strategy of associating a sam-
ple to either a volumetric or surface-based representation is
discussed in the next section.

The weights w; associated with each sample (Eq. 1)
serve as a supervision signal to our probabilistic density es-
timator. Hence, we can refine in a self-supervised manner
the prediction of the expected density along the ray. We rely
on Mip-NeRF 360’s [1] proposal networks as our volumet-
ric density estimator and use their introduced proposal loss,

) )
7

a;

af  if computed from o; (Eq. 2),

if computed from f(x;) (Eq. 3).

with o
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Loprop, to refine density estimation from the weights w; of
our main model.

SDF progressive initialization: Volumetric to surface
representation. Starting from a pure volumetric density
training (a; = o), we introduce a progressive initializa-
tion of the signed distance field that transitions from a volu-
metric to an SDF representation. Our approach is based on
the assumption that estimating the density o; at a specific
location requires less complex geometric understanding, in
contrast to estimating the signed distance to the closest point
to a complex urban outdoor surface (i.e. f(x;)). The 3D
geometry represented as a density field contains less infor-
mation than the SDF field; the former contains occupancy
information (which can be considered as binary) whereas
the latter represents, additionally, continuous distances to
the surface, including close and far-range points as well as
the empty spaces between driving scene objects, such as
cars and trees. Therefore, in this specific scenario where
observations have reduced overlap introducing ambiguity in
the geometry estimation, learning a density field is simpler
compared to the SDF field (see figure 5 of our ablation sec-
tion). Furthermore, by initially leveraging a pure volumetric
density representation during training, we shorten the con-
vergence time of our density estimator.

Our progressive initialization strategy can be outlined as

follows:

* Volumetric stage: All samples along the ray express volu-
metric densities, and their alpha values are computed with
ag;.

» Hybrid stage: we gradually assign samples along the ray
to train our signed distance field. Within the same ray, a
portion of the sample values is represented by volumetric
alpha o, while the remainder is computed with alf .

» Surface stage: we increase the number of samples for
which alpha values are computed using f(x) until we
transition to a complete surface representation.

Hybrid stage regularization. Composing alpha values
obtained from our two different geometric representations
is not straightforward as the learning dynamic of the den-
sity and the SDF are not the same. As mentioned earlier
and due to the partial observability of the reconstructed
environment, learning a volumetric representation of the
scene based only on spatial density is easier and faster
compared to learning an arbitrary signed distance field of
a complex urban scene. To facilitate the convergence of
our representation, we introduce two regularization meth-
ods: probability-based sampling attribution and SDF-
gradient normalization.

Probability-based samples attribution. To assign the alpha
value based on density or SDF to a sample, we initially start
with a random selection for each ray. We noticed that this

association strategy is not suitable: the signed distance field
could not be properly initialized during the hybrid stage. To
solve this problem, we introduce a probability-based sam-
ple association. We assign ozlf to samples with the highest
predicted density to initialize the signed distance field. It fa-
cilitates the learning of the signed distance field by limiting
the range of predicted values, as all the points are sampled
close to a surface. By sampling points near the surface, we
handle the wide range of distances of driving scenarios and
complex geometries.

SDF-gradient normalization. During the hybrid stage,
where o} and a'f are jointly composed, we observed that
the surface representation often predicts large SDF gradient
values to align azf with o} (for more details, see our supple-
mentary materials). To address this, we normalize the SDF
gradient in the a{ computation to prevent the gradient from
compensating the alpha distribution difference.

3.4. Optimization

Photometric loss. We use the standard L loss to minimize
the pixel-wise color difference between the rendered image
C, and the ground truth image C, as well as DSSIM [37]
loss on color patches.

Monocular cues. As we target to reconstruct outdoor
datasets, we add an additional sky loss to our model. Simi-
lar to StreetSurf [11], we model the sky color with an aux-
iliary MLP conditioned on the ray direction and use a loss
to constrain the opacity of sky pixels to zero. The segmen-
tation mask is obtained with an off-the-shelf semantic seg-
mentation network [5].

Inspired by MonoSDF[45] and StreetSurf [11], we use
off-the-shelf monocular depth estimation models to super-
vise the rendered normals N (r). In standard solutions
[11, 45], the monocular normal loss is minimized accord-
ing to the predicted normal accumulated along the ray:

ZT“’ ISTTEaTH ;5)”2 ®
Ly =|¥e) = No)||+ |1 - TF@|. ©

In our proposal, however, for more accurate and targeted
supervision, we supervise only the normal associated with
the closet sample x to the surface estimated by transmit-
tance saturation:
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KITTI-360 [20]

Pandaset [42]

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 [11] 0.14 050 009 071 010 0.67 0.11  0.66 233 010 047 040 036 030 027 031
ViiNeuS (ours) 013 056 0.11 071 0.11  0.66 0.13 0.72 0.49 023 028 046 033 029 035 0.34
COLMAP [31] 0.11 0.70 009 081 0.08 0.78 0.08 0.74 0.53 041 085 052 0.65 0.53 026 0.63
OpenMVS [25] 011 0.77  0.08 080 0.08 082 0.10 0.80 0.62 0.56 1.0 053 0.73 0.58 031  0.64
GOF [46] - sparse - - 029 053 023 0.63 - - 045 0.51 090 054 042 059 051 0.45
GOF [46] -dense  0.17  0.71 0.16 072 020 0.74 0.11 0.80 0.51 048  0.86 062 041 0.67 030 0.55

Waymo [33] nuScenes [3]
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 [11] 022 043 035 053 023 035 0.25 0.24 057 029 078 047 0.67 050 065 028
ViiNeuS (ours) 019 044 022 048 0.14 047 0.19 0.30 040 020 0.22 059 040 040 022 054
COLMAP [31] 018 0.57 071 053 014 0.67 019 0.59 025 051 077 067 065 062 070 0.68
OpenMVS [25] 0.25 058 076 053 0.20 0.67 0.22 0.64 0.28 054 085 0.69 075 070 074  0.69
GOF [46] - sparse  1.87 032 232 0.20 1.63  0.36 1.54 0.29 1.55  0.07 172 0.16 149  0.12 1.41 0.18
GOF [46] - dense 1.20 038 1.17 039 1.55 041 2.11 0.34 .02 0.12 1.55  0.23 144 0.12 1.06  0.29

Table 1. Quantitative results on KITTI-360 [20], Pandaset [42], Waymo Open Dataset [33] and nuScenes [3]. 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 implicit SDF methods in green and explicit MVS methods in blue . Missing entry (—) designate failure case. GOF - sparse
refers to GOF [46] gaussians initialized with sparse point cloud. GOF - dense refers to GOF [46] gaussians initialized with dense point

cloud.

Signed distance field regularization. Similar to [38], to
constrain our model to respect the eikonal equation [9] we
use the eikonal regularization defined as:

1 N
Lac=5 S (V@ -1 ®
i=1

According to NeuS formulation of the alpha compositing
equation (Eq. 3), the network converges properly when the
standard deviation 1/s of ¢, approaches zero. Due to the
complexity of driving scenarios and the large scale of urban
scenes, the parameter s doesn’t always reach a satisfactory
level of convergence. Unlike StreetSurf which manually
fixes the parameter s to increment linearly, we introduce
a regularization term on s during training: £, = 1/(s + ¢€).

4. Experiments

We evaluate the performance of ViiNeuS on multiple driv-
ing scenes and provide qualitative and quantitative compar-
isons compared to relevant methods.

4.1. Implementation details.

We use hash encoding to encode the positions [26] (with the
same default parameters as in InstantNGP [26]), and spher-
ical harmonics to encode the viewing directions. We use 2
layers with 64 hidden units for the MLPs FJ and Fg. Pure
volumetric stage last for the 100 first steps and the hybrid
stage ends at 35% of the total training time. We perform our
experiments on a single high-tier GPU using Adam opti-
mizer with a cosine learning rate decay from 10~2 to 10~
For the parameter s, we apply a slightly slower weight de-
cay (1073 to 1079) to stabilize convergence. We train our

model for a total of 14k iterations. Following the literature,
we use Marching Cubes [21] to generate the final mesh that
represents the scene. Further details on implementation can
be found in the supplementary materials.

4.2. Datasets.

We evaluate our method on four public autonomous driv-
ing datasets: KITTI-360 [20], nuScenes [3], Waymo Open
Dataset [33] and Pandaset [42]. We conduct our experi-
ments on four static scenes from each one of these datasets.
Since our method is designed for reconstructing the static
background of urban areas with limited image overlap, we
mask dynamic vehicles and pedestrians in the Pandaset se-
quences during training. Further details on the selected se-
quences are provided in the supplementary materials. We
use poses provided by the datasets except for Waymo where
we recompute the vehicle trajectory and sensor calibration
with MOISST [13] as the ones provided are not accurate.

4.3. Baseline.

We evaluate the state-of-the-art (SoTA) method Street-
Surf [11] for driving scenes surface reconstruction, using its
official implementation with monocular depth supervision
and trajectory optimization disabled for a fair comparaison.
All experiments were conducted on the same computational
setup. GOF [46], a Gaussian splitting method for landmark
surface reconstruction, was also evaluated using the official
implementation. We modified it to initialize the Gaussians
with a dense point cloud from COLMAP and adjusted the
rasterizer for cameras with an off-center focal point. We
evaluate both sparse and dense point cloud initialization.
We extensively tested Neuralangelo [19] on the selected
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driving sequences, with various training strategies and hy-
perparameters tuning. However we did not obtain satisfac-
tory results: Neuralangelo requires a bounded scene to ini-
tialize the SDF in a sphere shape, making it unsuitable for
the open, complex nature of driving sequences. For more
details on these experiments, we refer readers to our supple-
mentary materials. To provide a more comprehensive com-
parison we benchmark ViiNeuS mesh reconstruction with
meshes obtained by two methods based on classic MVS:
Delaunay triangulation implemented in COLMAP [31] and
mesh reconstruction [16] from OpenMVS [25]. For both of
the MVS meshing baselines, we used the dense point cloud
generated by COLMAP as it provides denser results com-
pared to the one obtained with OpenMVS library.

4.4. Evaluation metrics.

To evaluate the quality of the reconstructed surfaces, we re-
port two metrics:

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.

4.5. Results

Quantitative analysis. We report quantitative results
on the 4 datasets in the Tab. I. Results show that
ViiNeuS achieves on par results with StreetSurf on KITTI-
360 dataset, with a mean P—M error of 12 centimeters.
However, for the remaining datasets, ViiNeuS consistently
outperforms StreetSurf by achieving lower P—M error and
higher precision among most of the scenes. The similar
performance on KITTI-360 is due to its topology with
mainly straight roads and open scenes which are more suit-
able to the design choices done by StreetSurf. Conversely,
the other datasets contain more challenging scenarios with
wide, non-straight roads, and a high level of detail (we
refer to the qualitative analysis). ViiNeuS demonstrates
comparable P—M error with explicit MVS methods
on KITTI-360, which can be attributed to the fact that
KITTI-360 is an ideal dataset for multi-view reconstruction
thanks to the good quality of the images and the large
FOV of the cameras mounted on the vehicle. However, in
more complex environments with smaller overlaps between
observations, ViiNeuS consistently outperforms explicit
MYVS methods by achieving lower P—M error. Since they
use a dense point clouds as initialization, explicit MVS
methods can achieve higher precision by reconstructing
finer structures (see Qualitative analysis).

The results averaged for the 4 datasets give a mean P—M
of 0.24m for ViiNeuS , two times smaller compared to
0.47m for StreetSurf and a mean precision of 0.46% for
ViiNeuS and 0.42% for StreetSurf (see supplementary

Total train time  GPU memory  Params size

(min) (Gb) (MiB)
GOF training! [46] 30-60 8-19 100-300
GOF mesh extraction [46] 30 8 -
StreetSurf [11] 40 19 92.59
ViiNeuS (ours) 20 8 27
COLMAP [31] 30 <l -
OpenMVS [25] 30 <1 -

Table 2. Training analysis: reported using the same GPU, equiv-
alent to an RTX4090. ' Training time excludes COLMAP point
cloud initialization.

materials for additional quantitative evaluation).

Efficiency. We report in Tab. 2 the computational perfor-
mance of each method. ViiNeuS is more efficient than
StreetSurf [11], using a single 3D hierarchical hash grid
instead of two grids (3D and 4D), with a third of the pa-
rameters and half the GPU memory. GOF, on the other
hand, has variable GPU memory and parameters depend-
ing on the number of Gaussians per scene. For a single
scene, ViiNeuS requires half the training time compared to
StreetSurf (20 min vs 40 min), while GOF takes at least 1.5
hours, including 30 minutes each for point cloud initializa-
tion, training, and mesh extraction.

Qualitative analysis. The quantitative evaluation pre-
sented in the previous section (Sec. 4.5) is computed from
the accumulated ground-truth LiDAR which are sparse and
do not cover some regions of the scene. To complete our
evaluation, we present qualitative results in Figs. 4. Re-
sults demonstrate that ViiNeuS reconstructs higher-quality
surfaces compared to StreetSurf and explicit MVS meth-
ods. Even if finer details can be recovered on some parts of
the scene, meshes obtained by explicit MVS methods have
noisy normals and are incomplete, which limits their appli-
cability to some tasks such as mesh texturing (see supple-
mentary materials). We observe that our method recovers
more accurate and realistic scene details at many regions
such as buildings, cars, poles, and trees. Our analysis sup-
ports the hypothesis that SteertSurf’s disentanglement of the
close and far range based on the assumption that driving
scenes are long and narrow is not adapted to the majority
of driving sequences. In addition, StreetSurf’s road-surface
initialization fails in sequences where the road and side-
walks are not at the same height or at non-flat roads such
as downhills (see Fig. 4 — Seq. 30).

4.6. Ablation study

Convergence of density field compared to SDF field.
We report in Fig. 5 the Chamfer Distance between LiDAR
and predicted point clouds, for Seq. 31 from KITTI-360 and
Seq. 916 from nuScenes, comparing two different NeRF:
one solely based on density volumetric field and another
one solely based on SDF at various training steps (without
normal supervision, as we cannot supervise normal in case
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Seq. 916 Seq. 0034

(c) nuScenes [3]

(d) Waymo Open Dataset [33]

Figure 4. Qualitative experiments results on (a) KITTI-360, (b) Pandaset, (c) nuScenes and (d) Waymo Open Dataset. We compare our
mesh extracted from our SDF to GOF, COLMAP, OpenM VS and StreetSurf meshes.

Chamfer distance

1.7k 7.5k 10.5k 14k 1.7k 7.5k 10.5k 14k
Steps Steps

(@) (b)
Figure 5. Chamfer distance between LiDAR and predicted point
cloud of Density field and SDF field at different training steps (left)
for Seq. 31 KITTI-360 and Seq. 0916 nuscenes. P—M for dif-
ferent hybrid stage duration at different training steps for Seq. 23
from Pandaset (right).

of pure density volumetric field). The results support the
claim that density field converges faster compared to the
SDF field.

Duration of hybrid stage. To analyze the effectiveness of
our progressive initialization approach, we report the P—M
distance at various iterations with different transition times
in Fig. 5. The results demonstrate that a short hybrid stage
cannot be sufficient to initialize the SDF field, while a long
hybrid stage contributes to losing the initialization of the
SDF field and results in sub-optimal reconstructions.

ViiNeuS’s components. We ablate the effect of Vi-
iNeuS’s SDF progressive initialization strategy and show
quantitative results in Tab. 3. The results demonstrate that
our initialization that transitions from the volumetric to the
surface representation is crucial to accurately initialize the
SDF field and efficiently reconstruct driving sequences. In
addition, we report our method with standard accumulated
normal supervision, and without the network regularization
loss.

Table 3. Ablations study: we deactivate some of the key com-
ponents of ViiNeuS in order to measure the impact on the final
reconstruction. (a) without progressive initialization (b) with the
accumulated normal for £ g (c) without Ls.

w/o SDF init wlo L w/o Ly ViiNeuS
Seq. P—-M Prec. P—M Prec. P—M Prec. P—-M Prec.
KITTI-360.31 035 018 0.19 027 024 0.5 015 0.71
Pandaset. 23 085 0.18 080 0.18 054 0.17 051  0.23
nuScenes. 0916 0.35 0.4 0.4 021 035 015 025 0.54
‘Waymo. 10061 0.3 036 022 032 034 017 023 0.43

5. Discussion

Applications. Thanks to the quality and completeness of
ViiNeuS’s reconstructed meshes, we can use modern MVS
tools such as OpenMVS [25] to obtain a detailed and col-
orized representation of large urban scenes, as shown in
Fig. 1.

Limitations. Although our method can achieve highly de-
tailed surface reconstruction in driving scenarios, it fails to
reconstruct fine details in very wide and open sequences.
We recommend consulting the supplementary materials for
the failure cases of ViiNeuS.

6. Conclusion

In this work we presented ViiNeuS, an implicit hybrid ap-
proach to efficiently reconstruct large urban scenes. Our
method’s hybrid architecture models the volumetric density
and signed distance in two separate fields. We introduced
a novel hybrid volume rendering strategy to progressively
transition from volumetric representation to a signed dis-
tance representation. The quantitative and qualitative evalu-
ations that we performed show that ViiNeuS achieves more
precise reconstruction than state-of-the-art methods while
being significantly faster and is better suited for a large vari-
ation of driving scenarios.
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