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Abstract— 3D scene reconstruction from 2D images has been
a long-standing task. Instead of estimating per-frame depth
maps and fusing them in 3D, recent researches leverage the
neural implicit surface as a global representation for 3D re-
construction. Equipped with data-driven pre-trained geometric
cues, these methods have demonstrated promising performance.
However, the inevitable inaccurate estimation of priors can
lead to suboptimal reconstruction quality, particularly in some
geometrically complex regions. In this paper, we propose a two-
stage training process to further improve the reconstruction
quality. It decouples the view-dependent and view-independent
colors, and leverages two novel consistency constraints to
enhance detail reconstruction performance without requiring
extra priors. Additionally, we introduce an essential mask
scheme to adaptively influence the selection of supervision
constraints, thereby improving performance in a self-supervised
paradigm. Experiments on synthetic and real-world datasets
show the capability of reducing the side effects of inaccurately
estimated priors and achieving high-quality scene reconstruc-
tion with rich geometric details.

I. INTRODUCTION

3D scene reconstruction from multiple images is a fun-
damental vision task with diverse applications, including
robotics [1]-[3], virtual reality, augmented reality, etc. In
robotics, reconstructions are widely used in trajectory plan-
ning [2] and mapping [4]. Given posed images, traditional
algorithms usually estimate depth maps and lift them into
3D space, which can be categorized into multi-view stereo
methods and monocular depth estimation methods. Multi-
view stereo (MVS [5]-[7]) leverages accurate feature cor-
respondences between keyframes to recover the 3D struc-
ture, and monocular depth estimation relies on large-scale
training datasets to improve the generalization to diverse
scenes. While feature matching lacks confidence in lighting
changes, occlusion, and low-texture regions, robust monoc-
ular depth estimation also suffers from the unknown scale.
They both struggle to handle the multi-frame inconsistency
issues and are less satisfactory. Although some RGB-D
fusion algorithms [8], [9] and post-processing optimization
methods [10]-[12] are committed to ensuring consistency, it
is found that they have difficulty handling some inaccurate
depth predictions.

In order to tackle the consistency problem, there is an ur-
gent need for a global 3D representation instead of per-frame
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2D depth maps. Some learning-based methods [13], [14]
project 2D features to spatial and directly predict TSDF value
in 3D position. On the other hand, armed with the volume
rendering theory, optimization-based methods usually encode
a specific scene with a neural implicit scene representation
by overfitting the pair of the input 3D position and the output
color and geometry. However, unlike object-centric cases, the
sparse views and texture-less areas of indoor scenes may lead
to limited surface quality and local minima in optimization.
To address the issue, some approaches integrate affine-
invariant depth [15]-[19] and predicted normal priors [20],
[21] as supervision. Although promising results have been
achieved, they struggle to handle both the unknown scale-
shift values of depth priors and inaccurate prior estimations,
which results in poor reconstruction quality of complex
geometric details.

In this study, we propose mask-guided adaptive consis-
tency constraints to improve the detail reconstruction perfor-
mance of neural surface representation. Similar to previous
works [20]-[22], we also use two kinds of MLPs to predict
signed distance and color information and employ the surface
normal predicted by a pre-trained model [23] as priors.
Specifically, we divide our training process into two stages.
In the first stage, we focus on optimizing the RGB image
reconstruction constraint as our primary objective while
incorporating the estimated normal vector cues as additional
supervision signals. This allows us to obtain an initial
scene geometry. In the second stage, based on the principle
that excellent reconstruction quality is closely associated
with multi-view consistency, we categorize the reconstructed
components into two groups: the accurate part and the
inaccurate part, based on the difference in the rendered nor-
mal vectors at different viewpoints. During training, except
for the color reconstruction constraint, to the sample rays
passing through the inaccurate part, we employ a geometric
consistency constraint to improve the accuracy of rendered
depth; For the accurate part, we continue to apply normal
priors to supervision. Besides, we decouple the rendering
color into a view-dependent one and a view-independent one,
and leverage another photometric consistency constraint to
supervise the view-independent color. This two-stage training
strategy adaptively distinguishes the accuracy of surface
normal priors and adopts different supervision paradigms
separately. Experimental results on both synthetic and real-
world datasets demonstrate that our method achieves high-
quality reconstructions with rich geometric details, outper-
forming other existing methods. Our main contributions are
summarized as follows:
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e We propose a two-stage training process for neu-
ral surface reconstruction, which decouples the view-
dependent and view-independent colors and leverages
two novel consistency constraints to improve the quality.

e Based on the essential mask scheme, our model can
reduce the side effects of inaccurate surface normal
priors and enhance performance in a self-supervised
paradigm during training.

e Experimental results on both synthetic and real-world
datasets show that we can achieve high-quality scene
reconstruction performance with rich geometric details.

II. RELATED WORK
A. Multi View Stereo

For years, 3D reconstruction from multi-view perspectives
has remained a challenging yet significant task. Multi-view
stereo (MVS) is a traditional reconstruction approach that
leverages feature matching and triangulation methods to
estimate 3D positions corresponding to pixels or features
across multi-views. Using estimated positions and bundle
adjustment, MVS recovered depth or normal to recover ge-
ometry [5], [7], [24], [25]. While MVS has achieved signifi-
cant success, the estimated depth suffers from inaccurate and
scale-inconsistent in abundant specular reflection or untex-
tured regions, such as indoor scenes. Although some RGB-
D fusion [8], [9] and post-processing optimization meth-
ods [10]-[12] have handled scale consistency issues, they
still fail in inaccurate estimations. With the advancements in
deep learning, learning-based methods have witnessed sig-
nificant development in recent years. These methods employ
neural networks to estimate depth or TSDF (truncated signed
distance function) end-to-end. Depth-based methods estimate
depth maps and utilize fusion procedures to reconstruct,
which encounter challenges in noisy surfaces, and scale
ambiguities. TSDF-based methods like NeuralRecon [14]
propose a novel framework to lift the 2D features, fuse
them spatially and temporally in 3D space, and predict
the TSDF volume directly. Those methods always produce
overly smooth reconstructions.

B. Implicit Representation of Geometry

Recently, with the success of volume rendering theory,
some methods leverage Multi-Layer Perceptrons (MLPs) to
implicitly represent geometry. These approaches are super-
vised by RGB images, overfit the pair of the 3D coordinates,
and the corresponding color and geometric properties, like
volume density or occupancy [26]-[30]. One notable ad-
vancement in this area is the Neural Radiance Field (NeRF)
technique, which has demonstrated remarkable results in
both novel view synthesis [31], [32] and implicit surface
reconstruction [22], [30], [33]. These approaches utilize
volume rendering methods to supervise implicit scene repre-
sentation through a 2D photometric loss. However, volume
density representations often fall short in geometric details
due to a lack of sufficient constraints. Some methods have
attempted to improve the volume rendering framework, such
as VolSDF [33] and NeuS [30], which have achieved better

surface reconstructions but still face challenges in recon-
structing geometric details. Consequently, certain methods
aim to integrate geometric cues acquired from sensors [34],
[35] or predicted by models [20], [21], [36] to strengthen
geometric constraints. MonoSDF [20] integrates estimated
monocular geometric clues into a neural volume rendering
framework to enhance the overall quality of the reconstruc-
tion. NeuRIS [21] adaptively utilizes predicted normal cues
by patch matching between neighboring images. While these
methods have achieved accurate reconstruction results, they
are sensitive to the accuracy in priors, especially when
applied to real scenes. Compared to these methods, our
method utilizes normal vector cues more efficiently and
performs better in real-world scenarios.

III. METHOD

Aiming at 3D indoor scene reconstruction from posed
images {Ix}r=o...ns» We use a neural surface representation
optimized through the supervision of rendered RGB images.
To enhance the robustness, normal priors obtained from pre-
trained models are adopted. However, directly supervising
the rendered normal may disturb the training process if the
normal priors are inaccurate. Therefore, We optimize it with
color and normal constraints to get the initial shape in the
first stage. Then, we introduce geometric and photometric
constraints to further improve reconstruction quality. What’s
more, all the training constraints except the color one are
guided by our proposed mask scheme in stage two. The
overall pipeline of the second stage is shown in Fig. 1.

Concretely, for each selected image [, we sample m
rays {r;};—o.... passing though it. Randomly generating
a virtual ray r7 to pair with the current sample ray r;.
Using MLPs and volume rendering framework, we render
color C, decomposed color (Alm, depth 15, and normal N
for both r; and r}’. To train our model, we minimize the
color and normal differences, between C(rj) and the given

color C(r;), N(r;) and the normal prior N(r;) predicted
by pre-trained models [23], respectively. Furthermore, we
introduce a multi-view consistency constraint to guide the
training process. During optimization, we use a masking
scheme to adaptively select different training constraints for

different sample rays.

A. Neural Surface Representation

As shown in Fig. 2, the neural surface representation is
composed of two kinds of MLPs: a geometric geometry net-
work f, and two color networks f.. The geometry network
maps a 3D coordinate x € R? to a feature vector z and a
signed distance function (SDF) value 5§ € R, which indicates
the shortest distance to the closest geometry surface, and its
sign shows whether the point is inside or outside the object.

5,2] = fg(X§ 99) (D

where 0, is the trainable parameters. The surface S is defined

as the set of x where the corresponding 5 is equal to O.
The color networks f. generate view-dependent color

¢'? € R3 and view-independent color ¢** € R? from the
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Fig. 1. We sample rays pass through selected image Ij,. Randomly generating virtual ray r}’ corresponding to each sample ray r;. Rendering the color

c, view-independent color Cui, depth D and normal N along these rays. Using a pre-trained model to estimate normal priors N of r;. To learn MLPs’
weights, we minimize the difference between C(r;) and the given color C(r;). Besides, we utilize the mask-guided consistency and normal constraints.
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Fig. 2. Network architecture of our method.
input feature vectors. The final color ¢ € R? is obtained
by adding ¢¥¢ with ¢v?. This setting helps us to decompose
color which we will discuss in Section III-B.3.

To recover the surface under the supervision of input RGB
images, we render the colors of sample rays. Taking render
in the ray r as an example, we feed n sampling points
X; = o + t;v along the ray into the geometric network f,
to obtain the corresponding SDF values 5; and geometric
feature z;. Here, o € R? and v € R? represents the
camera position and ray direction with |v| =1 and ¢; > 0,
respectively. Subsequently, we concatenate x;, v, n; and
z; into two feature vectors and obtain the corresponding
view-dependent color &4 = f.(x;,f;,v,z;;0.) and view-
independent color &Y¢ = f.(x;, i;,2;; 0.). The normal vector
f,; € R3 is the analytical gradient of the corresponding SDF
value §;, and the final color ¢&; is obtained by adding two
color components together:

95
N 8Xi

2

(8i,2i] = fg(xi), 1y

g =&l e 3)

Following the volume rendering framework [22], [26], the
color C(r) is accumulated along the ray.

C(r) =) Tiaig; @)
i=1

where T; = H;;ll(l —«a;) and ; = 1 — exp(—0;6;)
denote the transmittance and alpha value, respectively. J;
is the distance between neighbouring points, and o; is the
density value corresponding to x;. To improve the geometric

representation, we compute density values o; from 3; [33]:

1 —3&.; cpoa
. szexp(=5t), if 8 >0.
oi(3) =9 ¥ 1l s <o O
3(1— zexp()), if §<0.
where [ is trainable. As (3 approach 0, the sensitivity of
0;(8;) to §; increases, contributing to edge reconstruction.

B. Supervision Constraints

1) Color and Normal Constraints: Since we have ob-
tained each sample rays’ rendering color C(r) the parame-
ters of f; and f. can be updated by minimizing the difference
between C(r) and the given color C(r) :

Loy =Y [ €) ~ Cw)| ©®)

1
reR

where R represents the sample rays in a batch.

Geometric properties like normal vectors N(r) and depth
ﬁ(r) can be rendered by accumulating sample points’ fea-
tures along the ray, similar to rendering colors. We utilize
normal constraints to guide the training process:
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where M, denotes the ray mask. We will describe the
details of M, in Section III-C. Besides, we also utilize the
Eikonal term to regularize each sample point’s SDF value in
space [20], [21].

2) Geometric Consistency Constraint: The proposed ge-
ometric consistency is based on the principle that geometric
properties of the surface, such as depth or normal, should
be consistent among different viewpoints in unobstructed
regions. We utilize these consistencies, visualized in Fig. 3,
to constrain the optimization process.

Specifically, for each ray r passing through the sample
pixel, we calculate the corresponding rendered depth D(r)
and normal N(r) (Eq. 7). Using render depth D(r), we
compute the target point x; (Eq. 9), which serves a similar
purpose as the feature point in MVS but in 3D form. It is
worth noting that this setting helps to avoid inaccuracy in
feature extraction and matching. After that, we randomly
generate a virtual viewpoint o, which contributes to the
robustness of the proposed constraint. Based on target point
x; and oY, we calculate the virtual ray’s direction v".
Consequently, we obtain a virtual ray r, originating from o"
in direction v", and virtual sample points x{ = o” 4 t;v",
where ¢7 > 0, positioned along this ray.

Xt—OU

X; =0+ f)(I’)V, v 9)

Y 0|,

Using the volume rendering framework, we render the
depth D(r,) and normal N(r,) of r,. Due to the geometric
consistency between the depth of both rays, we propose a
novel optimization target:

1 . _
Lge = D(x,) = D(x,)[*  (10)
"W,
where D(r,) = ||x; — 0"||,, and M,, denotes the mask for

valid sample rays which fail in multi-view normal consis-
tency. We will describe M, in Section III-C.

3) Photometric Consistency Constraint: Similar to the
geometric consistency in views, the appearance of the scene
also exhibits consistency. Due to the illumination changes
or material properties, colors may appear different from
various viewpoints. Inspired by [37], we decompose the
render color of each sample point. Concretely, we leverage
two color networks to predict view-dependent color ¢?¢ and
view-independent color ¢?° of sample points, and the final
rendering color ¢; is obtained by summing these two terms,
as shown in Fig. 2. Cause the portion of view-dependent
color is usually small in reality, we use the L1 loss to
constrain ¢¥¢ and improve the color decomposition.

x.
i b SR
o X N
° Sﬂ\ )
] Surface Geometric

Consistency Loss

D(r")

Photometric
onsistency Loss

Rendering in v
Virtual Viewpoint

o Rendering in
Sample Viewpoint

Fig. 3.

The view-independent colors C,,; of two kinds of rays are

accumulated (Eq. 4). We propose an additional photometric
consistency:

1
Lpe=——
AT 2

Tlustration of Consistency Constraints

Cm’ (I‘) - cm’ (rv)

o

C. Mask Scheme

In this section, we will introduce our mask scheme applied
in the second training stage and utilize the AND operation
to combine masks into M, and M... It is worth noting that
we present the valid rays as 1 in all of our masks.

1) Sample Mask: To enforce multi-view consistency, a
virtual viewpoint 0" is randomly generated for each sample
ray. However, this setting may result in o” being positioned
outside the scene or inside objects. To address this issue, we
propose a sample mask M to select valid virtual viewpoints.
Specifically, we primarily utilize the SDF value in o". Our
reconstruction starts with a sphere that encloses all the given
camera poses. As the training goes on, this sphere gradually
approaches our target. Consequently, the outside part can be
considered as the interior of the object, which means that if
o" is valid, we will get a positive corresponding SDF value
5(0y). Our sample mask is as follows:

L,
o {

2) Occlusion Mask: To address the problem of errors in
multi-view consistency caused by occlusion along both rays,
we propose an occlusion mask M,,. Following the sampling
algorithm in [33], our sample points are concentrated near the
surfaces where the rays pass through. Hence, we can identify
the presence of occlusion by analyzing the sign change in
the SDF values associated with the sampling points along

the ray.
Mg = { )

if §(o,) > 0.

otherwise.

(12)

if |l diff (sgn(8))[l; < 2.
otherwise.
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° 0, otherwise.

My = M: & M (13)

where diff (-) computes the n-th forward difference along the
given vector’s dimension, and sgn(-) is the sign function. §
and M? denote the vector of SDF values along the sample
ray and the occlusion mask of this ray. Similarly, §¥ and
M? represent the corresponding values for the virtual rays.
Finally, the final occlusion mask M, is obtained through the
AND operation between M?$ and M.

3) Adaptive Check Mask: As described in Section III-
B.2, high-quality reconstruction conforms to geometric con-
sistency in multi-views. Therefore, we utilize the consistency
of the rendered normal in multi-views as an adaptive check.
Specifically, we use the normal Cosine Similarity (Eq. 14)
to compute the difference between the sample ray’s render
normal N(r) and the virtual ray’s render normal N(r,,). We
compare this difference to a certain threshold value e. Rays
with significant differences are identified by M,:

cos(N(r), N(r,)) = AN(r)'ﬁf(r”) (14)
], e,
an{y ISR s

4) Mask integration: To better utilize the estimated nor-
mal cues and multi-view consistency, we organize the sample
ray masks by AND operations:

My =M, & M, & M,
My = My & My & (1 — My)

Rays selected by M, have valid virtual viewpoints and
no occlusion issues but fail to check in multi-view normal
consistency. We put the geometric consistency constraint on
these rays’ training process. M,. chooses rays that conform
to the normal consistency check. In those rays, predicted
normal cues contribute to the reconstruction and we continue
to apply them. In addition, we incorporate photometric
consistency to further improve the quality.

(16)

IV. EXPERIMENTS
A. Implementation Detail

We implement our method with PyTorch and the network
training is performed on one NVIDIA RTX 3090 GPU. The
normal priors in our method are predicted by Omnidata
model [23]. The network is trained over 25k iterations and
each batch consists of 1024 sample rays. We first optimize
the model directly guided with normal priors and RGB
images over 25k iterations. In the second stage, in addition
to color constraint, our model is trained under mask-guided
normal and geometric consistency constraints until 75k it-
erations. After that, we add photometric consistency to our

optimization target. Following the optimization, we discrete
our implicit function into voxel grids with a resolution of
512 and extract the mesh using Marching Cubes [38].

B. Experimental Settings

1) Datasets: Since our method primarily focuses on
indoor scenes, we conduct evaluations on the Replica
dataset [39] and the ScanNet dataset [40]. Replica consists
of high-quality reconstructions of various indoor spaces.
Each scene in Replica offers clean dense geometry and
high-resolution images captured from multiple viewpoints.
ScanNet is an RGB-D video dataset that comprises over
1500 indoor scenes with 2.5 million views. It is annotated
with ground-truth camera poses, surface reconstructions, and
instance-level semantic segmentations.

2) Baselines: We conduct a comparative analysis of our
method with other methods. (1) COLMAP [5]: Traditional
MYVS reconstruction method, using screened Poisson Surface
reconstruction (sPSR) to reconstruct mesh from point clouds.
(2) NeuralRecon [14]: A learning-based TSDF fusion mod-
ule. (3) MonoSDF(MLP version) [20]: Implicit method using
predicted normal and depth priors directly. (4) NeuRIS [21]:
Implicit method adaptive using normal priors.

3) Evaluation Metrics: To evaluate the quality of recon-
struction, following [13], [20], [41] , we mainly report Ac-
curacy , Completeness, Chamfer Distance, Precision, Recall
and F-score with the threshold of 0.05 meter. We further
report Normal Consistency measure [20] to better evaluate
reconstructions under the synthetic dataset.

TABLE I
QUANTITATIVE RESULTS ON THE SCANNET DATASET

Method Acc.l Comp.| Chamfer-L; | Prec.t Recallf F-scorel
COLMAP 0.047 0.235 0.141 0.711  0.441 0.537
NeuralRecon 0.044 0.123 0.084 0.741 0.502  0.595
NeuRIS 0.050 0.049 0.050 0.717  0.669 0.692
MonoSDF(MLP) 0.035 0.048 0.042 0.799 0.681  0.733
Ours 0.036  0.045 0.040 0.837 0.734  0.780

C. Results in Realistic Dataset

We conducted experiments using ScanNet dataset, which
provides real-world data. We selected four scenarios and
chose every 10th image from the original sets (about 2k-
4k images). After the whole training process, we saved the
reconstructed mesh and evaluated the final trained model. In
Fig. 4, we compare our generated mesh with the original
reconstructions from baselines. It shows that ours has more
geometric detail and fixes missing caused by inaccurate esti-
mation of normals. Additionally, we quantitatively evaluated
our method compared to others in Table I. It can be seen
that our method achieves more accurate results.

COLMAP [5] exhibits limitations in low-texture regions.
NeuralRecon [14] relies on TSDF values for supervision
and suffers from limitations in unseen scenarios. The per-
formance of MonoSDF [20] is dependent on the quality
of predicted geometric cues, which may lead to inaccuracy.
NeuRIS [21] incorporates normal priors adaptively but is sus-
ceptible to noise in real-world datasets, resulting in artifacts
in reconstructions.
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Fig. 4. Qualitative comparison of indoor 3D surface reconstruction on the ScanNet dataset.

D. Results in Synthetic Datasets

We conducted a quantitative evaluation of five scenarios
from the Replica and averaged the results for comparison. It
is worth noting that Replica is a synthetic dataset with little
noise, which makes the predicted cues have minimal errors.
To demonstrate the effectiveness of our approach in utilizing
normal priors, we compare it with modified MonoSDF* that
directly utilizes priors for supervision and outperforms other
baselines. We conducted a comparison in Table II, which
indicates ours achieves more accurate results, despite the
majority of normal priors being accurate.

TABLE I
QUANTITATIVE COMPARISON ON THE REPLICA DATASET

Chamfer-L, | F-score T Normal. C 1
Scan monosdf* Ours monosdf* Ours monosdf* Ours
scanl 4.104 2.593 76.945 89.589 88.133 91.619
scan2 2415 2.996 92.316 89.045 93.945 94.304
scan3 6.292 3.718 85.153 85.843 93.851 93.376
scan4 3.119 2.562 86.367 92.031 91.290 92.329
scan5 4.627 3.900 84.976 85.604 92.244 93.833
mean 4.111 3.154 85.151 88.423 91.893 93.029

E. Ablation Studies

We conducted an ablation study to analyze the impact of
consistency constraints and the adaptive mask in our method.
To do this, we removed each setting from our framework and
evaluated the results. We randomly selected three scenarios
from the ScanNet and averaged the final evaluated metrics to
perform the ablation experiment. The comprehensive results
of the ablation study can be found in Table III.

TABLE 1II
QUANTITATIVE RESULTS OF ABLATION STUDIES
Norm. Mask Geo. Pho. Acc.| Comp.| Chamfer-L | Prec.] Recall? F-score!

v 3.539 5.042 4.290 80.051 65.162 71.752
v v v 3.519 4.990 4.254 80.392 65.652 72.204
v v v’ 3526 4.864 4.195 80.834 66.832 73.094
v vV 3546 4949 4.248 80.428 65.561 72.170
v vV vV 3247 4.667 3.957 84.079 69.696 76.149

1) Effectiveness of Geometric Consistency: In regions
that fail in normal consistency checks, we add geometric
constraints to improve geometric detail reconstruction. In the

first two rows of Table III, geometric constraint improves
quantitative results in terms of F-score and Chamfer-1
metrics, compared with directly utilizing normal priors. This
demonstrates the effectiveness of the geometric consistency.

2) Effectiveness of Photometric Consistency: We utilize
photometric consistency for further improvement in areas
that conform to normal consistency. Cause the majority
of normal priors are accurate, most optimization will con-
strained by photometric consistency rather than geometric
consistency. Therefore, this setting is more effective than
using geometric consistency, as shown in Table III

3) Effectiveness of Adaptive Mask: To enhance the ef-
fectiveness of constraints, we employ an adaptive mask
for selection. As shown in the last two rows of Table
III, applying all constraints without selection has limited
improvement, due to the conflict between the inaccurate
normal priors constraint and consistency constraints.

TABLE IV

THE EFFECTIVENESS OF COLOR DECOMPOSITION
Acc.] Comp.| Chamfer-L; | Prec.T Recallf F-scoref
full(w/o CD.) 3.576 4.940 4.258 80.323 66.094 72.445
full 3.247 4.667 3.957 84.079 69.696 76.149

Table III shows that all of the settings contribute to
enhancing reconstruction results, and lead to higher-quality
reconstructions when employed in conjunction. Furthermore,
to demonstrate the effectiveness of color decomposition, we
conducted a comparative experiment on color. As shown in
Table IV, color decomposition also contributes to reconstruc-
tion.

V. CONCLUSION

In this paper, we propose a 3D indoor scene reconstruction
method using a two-stage training process. We decompose
the color by perspective dependency and utilize two novel
consistency constraints in both geometry and photography to
improve the reconstruction quality. Besides, we introduce an
essential mask to effectively select constraints in the training
process. The experiments show that our approach achieves
more geometric detail and high-quality reconstruction.
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