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Figure 1: We present NeuRodin, a novel two-stage framework designed for high-fidelity neural
surface reconstruction with intricate structures. Requiring only posed RGB captures as inputs,
NeuRodin not only recovers large-scale areas but also accurately reconstructs fine-grained details.

Abstract

Signed Distance Function (SDF)-based volume rendering has demonstrated sig-
nificant capabilities in surface reconstruction. Although promising, SDF-based
methods often fail to capture detailed geometric structures, resulting in visible
defects. By comparing SDF-based volume rendering to density-based volume
rendering, we identify two main factors within the SDF-based approach that de-
grade surface quality: SDF-to-density representation and geometric regularization.
These factors introduce challenges that hinder the optimization of the SDF field. To
address these issues, we introduce NeuRodin, a novel two-stage neural surface re-
construction framework that not only achieves high-fidelity surface reconstruction
but also retains the flexible optimization characteristics of density-based meth-
ods. NeuRodin incorporates innovative strategies that facilitate transformation of
arbitrary topologies and reduce artifacts associated with density bias. Extensive
evaluations on the Tanks and Temples and ScanNet++ datasets demonstrate the
superiority of NeuRodin, showing strong reconstruction capabilities for both in-
door and outdoor environments using solely posed RGB captures. Project website:
https://open3dvlab.github.io/NeuRodin/
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Figure 2:Comparative analysis of SDF-based and density-based volume rendering methods.
(a) Neuralangelo [13] experiences dif�culties with topological transformations, leading to incorrect
surfaces.(b) Instant-NGP [18] approximates the correct surface positioning yet produces a noisy
surface.(c) Our method achieves high-quality surfaces with �ne details.

1 Introduction

3D surface reconstruction [34, 16, 35, 28, 8, 24, 26, 40, 39, 14, 12, 2, 38, 25] is a long-standing
research topic in the �eld of computer vision. This process involves using images to recover the
underlying 3D geometry, typically represented as meshes. These reconstructed meshes �nd diverse
applications in various domains, including video games and augmented/virtual reality systems. In this
paper, we speci�cally address the challenge of reconstructing 3D surfaces from posed RGB images.

Inspired by the density-based representation [15] for task of novel view synthesis, recent works
for neural surface reconstruction commonly introduce signed distance functions (SDF) [28, 35] to
recover high-quality geometry.

However, incorporating SDF to the density function is nontrivial and often fails to intricate geometric
details. We illustrate this by comparing two methods for reconstructing the same scene:Instant-
NGP[18], which employs density-based volume rendering, andNeuralangelo[13], which utilizes
SDF-based volume rendering. Both methods use a similar multi-resolution hash table representa-
tion. The mesh is produced by is by TSDF-fusion [4] for Instant-NGP. As illustrated in Figure 2,
Instant-NGPreconstructs surfaces with accurate localization albeit with a certain roughness, while
Neuralangeloproduces smoother surfaces yet encounters issues in correctly positioning portions of
the surface. This disparity underscores the limitations and highlights the need for improved modeling
capabilities in SDF-based surface reconstruction methods.

Why do SDF-based surface reconstruction methods face challenges in accurately capturing intricate
geometric details, and how can these methods be improved?In this paper, we thoroughly analyze
the reconstruction pipeline and identify two primary factors in current SDF-based pipelines that
contribute to suboptimal surface reconstruction:

• SDF-to-density conversion:SDF-based volume rendering requires a conversion function to relate
the SDF �eld with the density �eld. Existing methods use a conversion function that assigns
uniform density across the same level sets, which restricts the representation of arbitrary non-
negative density values. Additionally, there is no assurance that the geometric representation within
a volume rendering framework will align perfectly with the implicit surface. This misalignment
often results in accurate visual renderings on incorrect surfaces, due to inherent biases.

• Geometric regularization:Regularization constraints imposed on the implicit surface can limit
topological changes during optimization. These constraints often introduce biases, complicating
the convergence of the model and hindering its ability to accurately represent complex geometries.

To tackle these challenges, we introduce NeuRodin (Figure 1), a high-�delity 3D surface recon-
struction method that innovatively overcomes the limitations previously outlined. Firstly, we re�ne
the SDF-to-density conversion by transitioning from a global scale parameter to a local adaptive
parameter. Unlike previous methods that enforce the same densities for points with identical SDF
values, our approach enhances the �exibility and effectiveness of the SDF function by allowing
adaptive density values. Secondly, we implement a novel loss function designed to align the max-
imum probability distance with the zero-level set in volume rendering, improving the alignment
of geometric representations. Additionally, We incorporates above innovations within a two-stage
optimization framework to tackle the over-regularization imposed by geometric constraints. Initially,
we employ a coarse optimization stage in which the SDF �eld operates similarly to a density �eld,
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exhibiting minimal in�uence from topological transformations. Subsequently, a re�nement stage is
conducted to achieve a surface with enhanced smoothness. We also introduce the stochastic-step
numerical gradient estimation technique to mantain a natural zero level set for the coarse stage.
With the design described, our method enables high-�delity surface reconstruction suited to both
large-scale and intricate geometries.

We conducted extensive experiments on the Tanks and Temples dataset [11] and the ScanNet++
dataset [41], where our method demonstrated superior performance over the previous state-of-the-art
in both indoor and outdoor environments. Notably, recognizing the lack of an established benchmark
for ScanNet++, we executed comparative analyses using six baseline methods and established a
new benchmark for ScanNet++ reconstruction, signi�cantly enriching the community resources and
setting a foundation for future research. In comparative tests, our model outperformed Neuralangelo
on the Tanks and Temples training set, delivering superior results with only 1/8 the parameters of the
comparative model. Our approach excels in optimizing complex topological structures and preserving
intricate details, enabling high-�delity, �ne-grained surface reconstruction.

2 Related Work

Multi-view 3D reconstruction. In traditional 3D surface reconstruction, methods based on Multi-
View Stereo (MVS) have long been prevalent, serving as a foundational approach for mining sparse
geometric data from multiple views and generate detailed 3D models by comparing and analyzing the
disparities across multiple camera perspectives. The traditional MVS methods [24], while effective in
texture-rich domains, often stumble upon the challenge of processing ambiguous observations. The
point clouds produced by traditional MVS methods suffer from noise, undermining the reliability
of the surface triangle meshes reconstructed from these point clouds. For learning-based MVS
methods [34, 44, 33, 32], the generated point clouds are still plagued by noise, leading to consistently
incomplete reconstructions.

Neural surface reconstruction.NeRF [16, 37, 10, 17] pioneers the use of neural network to represent
neural radiance �elds for novel view synthesis and optimizes these scenes through differentiable
volume rendering. Following NeRF, subsequent research has combined implicit surfaces with
differentiable volume rendering [19, 28, 35]. These methods typically represent implicit surfaces as
SDF and use the zero-level set of SDFs to describe geometry, achieving high-quality reconstruction
on individual objects. Various improvements have been made based on this foundation, including the
incorporation of different positional encoding to enhance representational capabilities [22, 29, 47, 48]
and the introduction of additional priors to deal with surfaces that exhibit specular highlights or have
low textures [43, 27]. Several studies re�ne the modeling of SDF-to-density conversion [46, 31] to
address bias issues in density. Meanwhile, other works employ patch-match techniques to improve
multi-view consistency [5, 7]. Neuralangelo [13] enhances the network's representational capability
by introducing hash encoding. Additionally, it proposes numerical gradients and coarse-to-�ne
optimization strategies to enhance the quality of surface reconstruction.

3 Study on SDF-based Volume Rendering

3.1 Preliminary

Density-based volume rendering Density-based volume rendering methods model a 3D scene
as a volume density �eld. Given a camera positiono and view directiond, the ray emitted from
o in directiond is denoted asf r (t) = o + tdjt > 0g. A set ofn points is sampled along this ray.
The predicted density� (r (t)) and geometry featuresz(r (t)) of the pointr (t) are obtained from
a geometry network� geo. the density is parameterized by an activation function, such asReLU,
softplus , or theexp function, prior to being output by the network.

A color network� color predicts the colorc(r (t); d), taking as inputs the geometry featurez(r (t)) ,
and the viewing directiond. The rendered color of this ray can be calculated as:

Ĉ(r ) =
Z + 1

0
T(t)� (r (t))c(r (t)) ; T(t) = exp

�
�

Z t

0
� (r (u))du

�
: (1)
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The networks are trained to minimize a color lossL color that quanti�es the difference between the
rendered colors and the ground truth colors:

L color =
1
m

X

r 2R

kĈ(r ) � C(r )k1; (2)

with R representing the set ofm rays in each training batch andC(r ) being the ground-truth color of
ray r .

SDF-based volume rendering SDF-based volume rendering methods, such as NeuS [28] and
VolSDF [35], combine volume rendering with an SDF representation. Unlike density-based methods,
the geometry is represented as the zero level set of the SDF. The predicted SDFf (r (t)) and geometry
featurez(r (t)) at the pointr (t) are obtained from the geometry network� geo. Then, the SDFf (r (t))
is transformed into density� (r (t)) by a prede�ned function	 and a global scales. For instance,
VolSDF de�nes the density as the scaled cumulative distribution function of the negative SDF:

� (r (t)) = 	 s(f (r (t))) =

8
<

:

1
2s exp

�
� f ( r ( t ))

s

�
if f (r (t)) � 0;

1
s

�
1 � 1

2 exp
�

f ( r ( t ))
s

��
if f (r (t)) < 0:

(3)

Moreover, to encourage the SDF to have a unit norm gradient, the Eikonal loss [9] is often employed:

L eik =
1

mn

X

r ;t

(kr f (r (t))k � 1)2 : (4)

Incorporating this loss not only helps to avoid suboptimal solutions at the zero level set but also
promotes smoothness. The networks are trained under the supervision of both the color lossL color
and the Eikonal lossL eik.

3.2 Challenges in Previous SDF-Based Volume Rendering

State-of-the-art SDF-based volume rendering techniques frequently fail to reconstruct surfaces with
accuracy in scenarios where density-based methods manage to renders realistic novel views. This
disparity highlights the inherent limitations of SDF-based volume rendering approaches. To further
elucidate these issues, we explore the fundamental distinctions between SDF-based and density-based
volume rendering. Please refer to the appendix for a more in-depth analysis.

Unsuitable assumption for SDF-to-density conversion.SDF-based volume rendering methods
typically employ a prede�ned function	 and a global scale parameters to convert SDF values into
density, as described by Equation(3). These methods often result in uniform density values for points
sharing identical SDF values. Such a global scaling mechanism restricts the representation capability
of the density �eld derived from the SDF �eld. Intuitively, previous top-performing methods for
novel view synthesis can generate arbitrary non-negative density values within(0; + 1 ). In contrast,
incorporating SDF representation with a global scaling factor for surface reconstruction can only
result in density values within

�
0; 1

s

�
.

Bias of the density.When applying an Eikonal constraint or any form of smooth regularization to
an SDF, the geometric representation within the rendering framework must align with that of the
SDF. Unfortunately, current SDF-based methods often fail to ensure this alignment, particularly at
larger-scale parameterss as explored mathematically in [46] to analyze this issue. Recent studies [31,
46, 3] have attempted to tackle this issue, proposing designs for SDF to density conversion that
aim to minimize bias. Despite these advancements, these solutions still exhibit inherent biases.
Additionally, the introduction of geometric regularization often exacerbates this bias, complicating
model convergence and resulting in the creation of inaccurate surfaces. A more detailed analysis of
this issue is provided in Section 4.2 and Appendix B to Appendix D.

Over-regularization of Geometry. To maintain a high-quality surface, previous methods often
introduce geometric constraints, such as Eikonal loss or smoothness constraints. However, these
global constraints result in excessive smoothing across all regions, both �at and intricate, leading to
a loss of �ne details. Moreover, in the framework of SDF-based volume rendering, the prediction
of color typically necessitates being conditioned on normals following IDR [36], a characteristic
that distinctly sets it apart from the density-based volume rendering approach. When optimizing the
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color conditioned on the normal and explicitly constraining the SDF by geometric regularization, the
optimization process restricts the topological structure. Please refer to the Appendix F for the impact
on the normal condition.

4 Method

4.1 Uniform SDF, Diverse Densities

To deal with the representation limitations of SDF-transformed density, instead of using a global
scales for the transformation from SDF to density, we have employed a strategy akin to that of [30],
which utilizes a non-linear mapping to obtain the unique scales associated with a given pointr (t).
More precisely, it is de�ned as follows:

(f (r (t)) ; s(r (t)) ; z(r (t))) = � geo(r (t)) ; � (r (t)) = 	 s( r ( t )) (f (r (t))) : (5)

With this particular design, the density is not identical within the same SDF level set and can achieve
any non-negative value through the continuous representation that maps an input coordinate to its
corresponding scale.

This approach ensures that densities within the same SDF level set are no longer uniformly identical.
Instead, they can vary, achieving any non-negative value through a continuous representation that
maps input coordinates to their corresponding scales. This design greatly enhances the �exibility
and accuracy of our density modeling, enabling more realistic and detailed reconstructions. More
detailed analysis regarding the local scale can be found in Appendix A.

4.2 Explicit Bias Correction

The issue of bias represents a critical concern frequently addressed within SDF-based volume
rendering. As demonstrated in Figure 3, it is necessary to align the geometric representation under the
volume rendering framework with that of the implicit surface. For the volume rendering framework,
the most intuitive way to represent geometry is through therendered distance:

D̂ rendered(r ) =
Z + 1

0
T(t)� (r (t)) t dt: (6)

We can also consider the position wherew(t) is maximized — that is, the probability that the light
ray arrives and collides is the greatest, or in other words, the location that contributes the most to the
color — as the geometric representation within the volume rendering framework:

D̂prob(r ) = arg max
t 2 (0 ;+ 1 )

w(t) = arg max
t 2 (0 ;+ 1 )

T(t)� (r (t)) : (7)

Figure 3: Visualization of the bias of the den-
sity. (a) An ideal scenario where the geometry of
the volume rendering scheme (A: maximum prob-
ability distanceandB: rendered distance) aligns
precisely with the geometry of the implicit surface
(C: zero level set). (b) A biased scenario showcas-
ing misalignment.

We shall refer toD̂prob(r ) as themaximum prob-
ability distance. For an implicit surface,the zero
level setoffers a direct geometric representation.
In an ideal scenario, irrespective of whether con-
vergence has been achieved, the geometric rep-
resentations of volume rendering (i.e.,rendered
distanceandmaximum probability distance) and
the geometric representation of the implicit sur-
face (i.e.,zero level set) should be aligned, as
illustrated in Figure 3 (a). However, in the practi-
cal optimization process, con�icts such as those
depicted in Figure 3 (b) may arise, leading to
misalignment between the two representations.

Multiple past methods have broached this topic,
offering various solutions. For example, in
TUVR [46], an unbiased model is proposed and
it is mathematically proven that the zero-crossing point of the SDF is at a local maximum of rendering
weight. However, bias still exists. The experimental analysis is presented in Section 5.3. In the work
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of [3], a penalty is imposed on the rendered distance to ensure that its SDF value is equal to zero.
However, it is important to note that the rendered distance is subject to signi�cant distortion due to
existing biases, particularly in the early stages of convergence as shown in Figure 3 (b). We offer
further analysis from Appendix B and Appendix D.

We propose an explicit bias correction in which we opt to deliberately align the maximum probability
distance with the zero level set. Speci�cally, we de�ne

L bias =
1
m

X

r 2R

max (f (r (t � + � bias)) ; 0) ; t � = arg max
t 2 (0 ;+ 1 )

T(t)� (r (t)) ; (8)

where� bias is a bias correction factor. The loss function is designed to penalize the positive portion of
f (r (t � + � bias)) , which encourages the SDF to take on negative values after the maximum probability
distance. We have shown in Appendix C that manually scheduling the lower bound of the local scale,
coupled with the penalty after the point of maximum probability distance, can effectively alleviate
bias issues. During the experiment, we approximatet � by directly using the sampled point with the
largestw(t), which, despite introducing a certain degree of deviation, does not affect the overall
effectiveness. Please refer to Appendix C for details on the design.

4.3 Two-Stage Optimization to Tackle Geometry Over-Regularization

Previous methods often produce incorrect surfaces due to over-regularization of geometry as shown
in Figure 2 (a). However, we have discovered that methods based on density are not constrained by
changes in topology as shown in Figure 2 (b), prompting us to question whether the SDF �eld can be
�rst optimized as freely as density �eld, then re�ne to a smooth surface by geometry regularization.
We now propose a novel two-stage optimization approach. This approach allows the optimization
process to initially mimic density-based behavior in the �rst stage and subsequently re�nes to a
smooth surface in the second stage.

For the �rst stage, our objective is to tackle the over-regularization issue. An intuitive solution might
be to eliminate or downweight any geometric constraints and avoid conditioning the color on the
predicted normal, but this approach often results in an unnatural zero level set [9, 28, 35, 36]. We
experimentally validated in the Appendix H.6.

We have identi�ed a simple but effective method to preserve the natural level sets of large-scale
structures while allowing the formation of complex structures to be unimpeded by geometric regu-
larization. Instead of applying geometric regularization directly to the gradientr f (r (t)) , we elect
to impose them upon an estimated gradientr̂ f (r (t)) , to which we introduce uncertainty through a
speci�c design. Speci�cally, thex-component of the estimated gradient is

r̂ x f (r (t)) =
f (r (t) + � x ) � f (r (t) � � x )

2�
; where� x = ( �; 0; 0) and� � U(0; � max): (9)

Figure 4: The heatmap for the variance of the nor-
mal predicted using random step.

The gradient is calculated through �nite dif-
ferences similar to those described in [13, 21].
However, the step size for gradient estimation at
each iteration is stochastically sampled from a
uniform distribution in the range of(0; � max).

Using this technique, we observed that esti-
mated larger-scale normals have smaller vari-
ance, while �ne details exhibit larger variance,
as depicted in Figure 4. This introduces uncer-
tainty in geometric regularization, ensuring sta-
bility for large features and �exibility for com-
plex details. We provide further explanation in
Appendix E.

During the initial stage, our goal is to reconstruct the approximate, coarse structure of the 3D
content. This is primarily addressed by tackling the issues of over-regularization and the bias in
density estimation that we previously mentioned. We employ the stochastic-step numerical gradient
estimation along with the explicit bias correction to address the initial reconstruction of the coarse
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Metric F-Score"
Scene NeuralWarp COLMAP NeuS Geo-NeuS NeuS-NGP MonoSDF Neuralangelo� Neuralangelo Ours
Barn 0.22 0.55 0.29 0.33 0.46 0.49 0.61 0.70 0.70

Caterpillar 0.18 0.01 0.29 0.26 0.32 0.31 0.34 0.36 0.36
Courthouse 0.08 0.11 0.17 0.12 0.08 0.12 0.13 0.28 0.21

Ignatius 0.02 0.22 0.83 0.72 0.81 0.78 0.82 0.89 0.87
Meetingroom 0.08 0.19 0.24 0.20 0.08 0.23 0.22 0.32 0.43

Truck 0.35 0.19 0.45 0.45 0.44 0.42 0.45 0.48 0.47
Mean 0.15 0.21 0.38 0.35 0.37 0.39 0.43 0.50 0.51

Table 1:Quantitative evaluation of our method on the Tanks and Temples training subset.The
bestperformance and thesecond-bestoutcomes are highlighted for easy reference. Note that the
hash grid parameters used in our method is the same asNeuralangelo� , which possesses219 hash
entries per resolution.

Figure 5:Quantitative comparison on the training subset of Tanks and Temples dataset.
structure of the 3D content. Additionally, we utilize VolSDF's SDF-to-density conversion, with the
local scale modeling delineated in Equation 5, to facilitate this primary formulation. Consequently,
the training loss at this stage is formulated as:

L coarse= L color + � eikL eik(r̂ f ) + � biasL bias: (10)

During the re�nement stage, we discontinue the use of the estimated gradients given that the funda-
mental 3D content has been initially restored and the issue of over-regularization no longer presents a
concern. In a similar vein, we move past the explicit bias correction, as the signi�cant surface errors
induced by bias were initially addressed in the �rst stage. We incorporate a standard Eikonal loss
alongside a smoothness constraint from PermutoSDF [22] to enforce local smoothness:

L smooth=
1

mn

X

r ;t

(n (r (t)) � n (r (t) + � s � (r (t))) � 1)2 ; (11)

where� (r (t)) = n(r (t)) � � and� is a random unit vector. Furthermore, as the model nears
convergence at this stage, we adopt the SDF-to-density conversion method proposed by TUVR [46],
which ensures minimal bias and preserves �ne object details. The loss function employed in the
second phase is de�ned as follows:

L �ne = L color + � eikL eik(r f ) + � smoothL smooth: (12)

5 Experiments

Experimental setup. We carry out experimental evaluations on two benchmark datasets: Tanks
and Temples [11] and ScanNet++ [41]. We include several baselines for comparisons: VolSDF [35],
NeuralWarp [5], COLMAP [23], NeuS [28], Geo-NeuS [7], Neuralangelo [13] and MonoSDF [43].
We extract mesh through marching cube algorithm with a resolution of 2048 applied across all scenes
and report the F-score for suface evaluation. More details are provided in the supplementary materials.
Please refer to Appendix H for additional experimental results.

5.1 Tanks and Temples

NeuRodin outperforms previous state-of-the-art methods in terms of the average F-score. Owing
to our explicit bias correction technique, the barn's roof maintains its structural integrity without
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Figure 6:Quantitative evaluation of our method on the Tanks and Temples advance subset.

collapsing as shown at the top of Figure 5, a marked improvement over other methods which of-
ten fail to prevent such collapse. Thanks to our two-stage optimization approach, we effectively
mitigate the issue of excessive geometric regularization as shown at the bottom of Figure 5. Conse-
quently, NeuRodin achieves a more detailed surface representation than Neuralangelo with 1/8 fewer
parameters.

Method VolSDF MonoSDF Neuralangelo� Neuralangelo Ours
Mean 6.72 20.89 27.14 26.28 28.84

Table 2:Quantitative evaluation of our method versus prior
work on the Tanks and Temples advance subset.The best
performance and thesecond-bestoutcomes are highlighted for
easy reference.

It is evident that our method out-
performs previous work on the
Tanks and Temples advance sub-
set as shown in Table 2. In
the comparison in Figure 6, we
demonstrate enhanced accuracy
and completeness when recon-
structing large-scale surfaces, alongside capturing more �ne-grained details compared to Neuralan-
gelo. Bene�ting from our explicit bias correction in the �rst stage and the TUVR modeling employed
in the second stage, �ne structures are restored to the zero level set in the initial phase and maintain a
suf�ciently small bias in the subsequent phase, thus enabling the re�nement of high-quality surfaces.

5.2 ScanNet++ Benchmark

Since no public results are available for the ScanNet++ dataset, we randomly selected 8 scenes to
construct a benchmark. For more details and results on our ScanNet++ benchmark, please refer to
the supplementary materials. Quantitative results are shown in Table 3. We surpassed the methods
we compared against in most scenes and achieved comparable results to those with prior knowledge
in terms of F-score. We provide more visual result on ScanNet++ dataset in the supplementary.

F-Score" Without Prior With Prior
method NeuS VolSDF Neuralangelo� Neuralangelo Ours MonoSDF-MLP MonoSDF-Grid
Mean 0.455 0.391 0.507 0.564 0.638 0.439 0.642

Table 3:Quantitative evaluation of our method versus prior work on the ScanNet++ dataset.
Thebestperformance and the second-bestoutcomes are highlighted for easy reference.

5.3 Analysis

Ablation Study. To validate the ef�cacy of the proposed techniques, we performed an ablation study
on sceneMeetingroomfrom Tanks and Temples dataset. As illustrated in Figure 7 (a), applying
a global scale for SDF-to-density conversion results in inaccurate surfaces, primarily due to the
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