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Abstract

Given only a set of images, neural implicit surface representation has shown its capability in 3D
surface reconstruction. However, as the nature of per-scene optimization is based on the volumetric
rendering of color, previous neural implicit surface reconstruction methods usually fail in the low-
textured regions, including floors, walls, etc., which commonly exist for indoor scenes. Being aware
of the fact that these low-textured regions usually correspond to planes, without introducing addi-
tional ground-truth supervisory signals or making additional assumptions about the room layout, we
propose to leverage a novel Pseudo-plane regularized Signed Distance Field (PPlaneSDF) for indoor
scene reconstruction. Specifically, we consider adjacent pixels with similar colors to be on the same
pseudo-planes. The plane parameters are then estimated on the fly during training by an efficient and
effective two-step scheme. Then the signed distances of the points on the planes are regularized by
the estimated plane parameters in the training phase. As the unsupervised plane segments are usu-
ally noisy and inaccurate, we propose to assign different weights to the sampled points on the plane
in plane estimation as well as the regularization loss. The weights come by fusing the plane segments
from different views. As the sampled rays in the planar regions are redundant, leading to inefficient
training, we further propose a keypoint-guided rays sampling strategy that attends to the informative
textured regions with large color variations, and the implicit network gets a better reconstruction,
compared with the original uniform ray sampling strategy. Experiments show that our PPlaneSDF
achieves competitive reconstruction performance in Manhattan scenes. Further, as we do not intro-
duce any additional room layout assumption, our PPlaneSDF generalizes well to the reconstruction
of non-Manhattan scenes.

Keywords: Scene Reconstruction, Neural Surface Reconstruction, Implicit Representation, Plane
Regularized Reconstruction



1 Introduction

Reconstructing the 3D geometry of an indoor
scene is an appealing and valuable task in com-
puter vision because of its potential applications
in computer graphics, virtual reality, etc. As the
acquisition of 3D ground truth is expensive, it
is promising to reconstruct the 3D scene directly
from multiple images without 3D ground truth.
Recently, the neural radiance field (NeRF) [33] has
achieved promising results in novel view synthesis
based on implicit neural representations and volu-
metric rendering, giving a set of images. However,
NeRF does not explicitly regularize the geome-
try of the scene, resulting in poor reconstruction.
To achieve a better geometry estimation, recent
methods [37, 50, 56] propose to model the den-
sity from the signed distance field instead of
directly using the volume density in NeRF. How-
ever, indoor scenes have many textureless areas
and repetitive patterns. It is difficult for previous
methods to optimize the implicit network based on
the rendering loss for these regions. As a result, the
surface reconstruction of these methods at those
planar regions is usually bumpy and noisy. It is
necessary to incorporate additional constraints to
get better reconstruction results.

To improve the reconstruction for low-textured
regions for indoor scenes, Manhattan-SDF [18]
proposes to use a pre-trained semantic segmenta-
tion network to find the floor and wall regions,
then regularize the geometry of these regions.
The normal directions of floors and walls are
regularized to be aligned with three dominant
directions under Manhattan world assumption [9].
However, there are still many scenes with more
than three dominant directions, which are the
non-Manhattan scenes. Manhattan-SDF is not
applicable to the non-Manhattan rooms. It may
also perform poorly on scenes cluttered by objects
with small visible areas of floors and walls, and its
result is restricted by the segmentation network
whose performance may degrade on scenes out of
the pre-trained domain. In this work, we propose
to tackle neural surface reconstruction of indoor
scenes by using the pseudo-planes as a regulariza-
tion. To generate plane segments, we cluster the
adjacent pixels with similar colors by super-pixels
[13] and consider these regions as pseudo-planes.
The planes are not only large floor and wall regions
but also small plane regions on objects, e.g., the
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Fig. 1 (a) is the image, (b) is the generated plane seg-
ments by super-pixel, (c) is the depth map, and (d) is the
normal map from the reconstruction of PPlaneSDF. It can
be seen that not only large areas of floor and wall regions
but also small planar regions on objects, e.g., the chair and
the piano, are segmented and reconstructed to be planar.

chair and the piano exterior, as shown in Fig. 1.
We then estimate the plane parameters on the fly
during training in an effective and efficient two-
step scheme and regularize the signed distance
field (SDF) with these planes. As we do not make
the Manhattan assumption on the indoor scene,
our method generalizes well to both Manhattan
and non-Manhattan rooms.

To be specific, we first sample only a few points
on every plane and get their depth through the
accumulated rendering. By back-projecting these
points with the estimated depth, we fit the roughly
estimated planes with these points by a least
square method. The parameters of the roughly
estimated plane are noisy and inaccurate as the
number of sampled points is limited by the mem-
ory in the slow rendering. In the second step,
we utilize the roughly estimated plane parameters
to get the depth of a new set of sampled points
and back-project them to the world space. The
coordinates of these points are then fed into the
MLPs to get the signed distances and the gradi-
ents of signed distances, i.e., normal directions.
We assume that the back-projected points on the
roughly estimated planes are close enough to the
planar surface, therefore the signed distances are
also the distance to these planes. We march these
points according to the signed distances and the
normal directions to get the coordinates of the
points on the rectified planes, and the parame-
ters of the rectified plane are estimated with these
points. In this step, we avoid using the depth with



the expensive accumulated rendering and directly
get the signed distances by querying points to
get the rectified coordinates. Compared with the
first step, this process is much faster, therefore
the number of sampled points is much larger than
that in the first step. After getting the rectified
plane parameters, we regularize the signed dis-
tances of the newly sampled points on the roughly
estimated planes by their distances to the rectified
planes.

As the unsupervised plane segments are often
noisy and inaccurate, we propose to assign differ-
ent weights to the points during the plane fitting
and the plane regularization loss. The weights are
obtained by fusing plane segments from different
views. We conduct the fusion by predicting the
segmentation probabilities and using the probabil-
ities as the weights. The segmentation prediction
is supervised by the super-pixel segments from dif-
ferent views, therefore considering the cross-view
consistency implicitly. Existing MLP in VolSDF
[56] is queried by 3D coordinates to get the density
and color. We introduce a new segmentation net-
work branch to the MLP. The branch is supervised
in the volume rendering by matching the accumu-
lated prediction of the network, and the generated
plane segments following [4, 49]. During the fusion
process, the segmentation network predicts lower
probabilities for those inconsistent areas among
different views and higher probabilities for those
consistent areas among different views. We uti-
lize the probabilities as the weights assigned to
different points during plane estimation and reg-
ularization.

Further, we observe that the random ray sam-
pling strategy which samples rays in volumetric
rendering randomly is inefficient for indoor scenes.
The reason is that the planar regions usually
occupy large areas and the rays in the texture-less
indoor planar regions are easy to be sampled in
random sampling. Their colors are similar in the
planar regions, therefore the RGB rendering loss
for the sampled ray in the planar region is usually
close to 0 when there is still a large reconstruction
error and contributes less to the optimization. To
avoid such redundant sampling, we suppose that
the ray sampling strategy should attend to the
more informative textured regions with large color
variations. We use Direct Sparse Odometry [12]
to extract keypoints for the color image. We then
treat the keypoints and the pixels around them as

the informative regions and increase the sampling
probability of the rays in these regions, therefore
making them easier to be sampled. By our pro-
posed keypoint guided rays sampling strategy, the
implicit network gets a better reconstruction.

The main contributions of this paper can be
summarized as follows. i) We propose to constrain
indoor neural surface reconstruction with pseudo-
planes, without imposing any assumption on the
room layout or introducing additional supervision
from external annotation on geometry. Experi-
ments show that our method achieves competitive
performance on Manhattan scenes and generalizes
well to non-Manhattan scenes. ii) Under the mem-
ory and time restriction, we design an effective
and efficient two-step strategy to estimate plane
parameters, which are then used to regularize the
signed distance field. iii) We introduce the weight-
ing schedule on points during plane estimation and
regularization. The weights are obtained by fusing
the plane segments among views through volumet-
ric rendering. iv) To avoid redundant ray sampling
in the planar regions, we propose the keypoint
guided sampling strategy to sample rays more effi-
ciently and get a better performance. In this ray
sampling strategy, the sampling probability in the
informative textured regions is increased, there-
fore the rays are easier to be sampled. Our method
also enables the potential to represent the scenes
with the vectorized pseudo planes. The parame-
ters of the vectorized planes can also be calculated
efficiently with our method.

The rest of this paper is organized as follows:
In Sec. 2, we introduce the work related to the
multi-view stereo and the neural scene reconstruc-
tion. In Sec. 3, we detail our proposed PPlaneSDF,
including pseudo-plane regularization, plane seg-
ments fusion based points weighting, and keypoint
guided ray sampling strategy. In Sec. 4, extensive
experiments are conducted to validate the effec-
tiveness and generalization of our method on the
Manhattan scenes and the non-Manhattan scenes.
We conclude our work in Sec. 5.

2 Related work

Multi-view stereo. Traditional 3D reconstruc-
tion methods from multi-view images [2, 31, 35,
42, 43, 45] first estimate depth map for each view
and then fuse the predicted depth from differ-
ent views to obtain the final reconstruction result.



However, these methods struggle with texture-less
areas such as floor and wall regions in indoor
scenes due to the mismatching of these regions by
the hand-crafted features. To tackle this problem,
some depth-based methods [6, 19, 54, 55] incor-
porate deep learning to extract global features,
which is more robust for matching. After extract-
ing global features, cost volumes are built and then
fed to 3D CNNSs to get final depth maps, and then
leverage the extra fusion process to reconstruct
the scene. Others [24, 58] enforce the depth-
normal consistency in the training process. Such
methods usually reconstruct noisy and incomplete
surfaces because of the inconsistency of individ-
ual predicted depth maps. Many methods also
incorporate planar prior in MVS to achieve better
performance on the texture-less regions. [17, 52]
utilize the second-order priors on the smoothness
of 3D surfaces as planar priors to constrain the
planar areas in the scene. However, it leads to a
triple cliques inference, making the optimization
very difficult. [15] chooses to train a planar classi-
fier to distinguish the planar and non-planar areas,
then links and fuses plane hypotheses across multi-
ple overlapping views. The non-planar regions are
reconstructed with the results of a standard multi-
view stereo algorithm. Besides, some methods [16,
53] leverage the triangulation to build piece-wise
planar regions. [16] choose to embed the priors into
multi-view stereo directly over the disparity space.
[53] uses the planar priors with PatchMatch MVS
to focus on the geometric constraints of different
views. Although PatchMatch-based MVS methods
have great performance in scene reconstruction
tasks, [41, 48] point that PatchMatch-based meth-
ods often failed to reconstruct texture-less planar
regions because the similarity measurement meth-
ods may be ineffective in these regions. [48] first
generates the multiple plane hypotheses using
the filtered depth maps on the areas that are
not successfully recovered, then uses the Markov
Random Field to select the depth hypotheses
to improve the completeness of reconstruction
results. [41] proposes a novel PatchMatch hypoth-
esis to improve the reconstruction completeness by
expanding reliable depth estimation in neighbor-
ing texture-less regions. Inspired by these methods
which prove the effectiveness of the planar con-
straints, our methods also utilize planar prior but
in the implicit surface reconstruction process.

Neural scene reconstruction. Different from
the two-stage MVS methods, Atlas [34] first pro-
posed to end-to-end reconstruct the 3D scenes,
where 2D CNN features are back-projected and
accumulated into the voxel volume to predict the
truncated signed distance function (TSDF) with
3D CNN. NeuralRecon [47] uses recurrent net-
works to fuse the features from different views,
which is much faster. TransformerFusion [3] uses
the attention mechanism to attend to the most
informative features of the image views in the
temporal feature fusion. Recently, [32, 33, 37, 38,
46, 50, 51, 56] represent the scene directly as
an implicit neural function and generate high-
resolution reconstruction results. [29, 36] propose
a new method which can learning 3D shapes from
only 2D images by introducing an implicit differ-
entiable renderer. IDR [57] models the geometry
with a zero level-set of a neural network and the
view-dependent appearance, but needs additional
mask information. NeRF [33] achieves excellent
novel view synthesis performance by implicit vol-
ume rendering but cannot get accurate and clean
geometry. VolSDF [56] and NeuS [50] derivate
density from SDF in volume rendering, there-
fore achieving good reconstruction for objects.
When reconstructing indoor scenes, these meth-
ods suffer from texture-less planar regions. To deal
with the problem, [11, 26, 40, 51] utilizes the
sparse depth from COLMAP [42] as additional
supervision or to guide the sampling process.
Manhattan-SDF [18] regularizes the normal direc-
tions of pixels in the floor and wall regions under
the Manhattan world assumption [9]. The per-
formance of Manhattan-SDF is limited by the
pre-trained semantic segmentation network, which
predicts the semantic floor and wall regions in
indoor scenes. Moreover, it cannot generalize to
non-Manhattan scenes and the scenes cluttered
by objects with small visible areas of floors and
walls. Our method constrains indoor scenes with
pseudo-planes obtained by unsupervised super-
pixel segmentation. Therefore, our approach can
handle the aforementioned complex scenes.

3 Method

We tackle indoor reconstruction through neu-
ral implicit surface reconstruction. However, the
optimization of implicit surface reconstruction is
difficult for the texture-less regions. Therefore,
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Fig. 2 The overview of our method. We utilize the DSO method to extract keypoints and then calculate the ray sampling
weight to guide the sampling. We learn the appearance, signed distance, depth, and segments of 3D scenes with implicit
neural representations. For each ray, we use differentiable volume rendering to render its pixel color, depth, and segment
probabilities, which are supervised with the input image, sparse depth obtained by COLMAP, and plane segments in 2D
by super-pixel, respectively. We propose the novel plane regularization by a two-step plane parameter estimation strategy,
which improves the smoothness in planar regions and details in the non-planar parts. We calculate roughly estimated plane
parameters according to the accumulated depth of the sampled points and resample more points to compute the rectified
plane parameters according to the signed distances and the normal directions. To overcome noisy and inaccurate plane
segments, we additionally introduce a plane segments fusion strategy to weight the points in the second rectified plane

estimation step and the plane regularization.

we propose pseudo-plane regularization to apply
additional regularization on the SDF of texture-
less regions. As the generated plane segments are
noisy and inaccurate, we propose to fuse the plane
segments from different views and assign points
with varied weights in plane estimation and reg-
ularization based on the fusion. Lots of rays are
randomly sampled in the planar regions. There-
fore, the RGB rendering loss for the sampled ray
in the planar region is usually close to 0 with
a large reconstruction error; therefore the ran-
dom ray sampling in these regions is inefficient
and contributes less to the optimization. To avoid
such redundant sampling, we propose the key-
point guided ray sampling strategy to attend to
the informative textured regions with large color
variations. As a result, the implicit network gets a
better reconstruction result. The overview of our
method can be seen in Fig. 2.

3.1 Neural Implicit Surface
Reconstruction

We reconstruct the scenes by the neural implicit
surface reconstruction methods [37, 50, 56] with-
out 3D supervision. The reconstruction result is
represented by a signed distance field (SDF). Fol-
lowing VoISDF [56], given one 3D point x, we
get its color &(x)! and signed distance 3(zx) by
querying the MLP network F' as:

(€(z), 3(z)) = F(=).

(1)

1~ denotes the prediction from the network.



We derive the density o(x) from $(x) in volume
rendering as:

o(x; f) =

where 3 is a learnable parameter.
The transparency T of the i-th sampled point
along the ray r in the discrete form is:

i—1
T; = exp(— Y _ §;0;), (3)
j=1
where 6; = tj41 — t; is the distance between

adjacent samples ¢; and ¢;y; along the ray. The
accumulated color C(r) along the ray r is:

K
C(r) = ZTz (1 —exp(—0:d;)) &,  (4)

i=1

where K is the number of sampled points. The
training loss contains three terms:

L= Ergb + Asdfﬁsdf + Adeptll£depbh7 (5)

where
Ligy = Y [|C(r) = C(r)], (6)
reR
Lar= > (|Vad(@)], —1)%, (7)
rzeX

C(r) is the ground-truth color of the ray r. Lyt is
the Ekinoal loss [56, 57] to guarantee the property
of SDF. X is the set of points sampled uniformly
in the space. Lqeptn is the depth loss supervised by
the depth D(r) from SfM [42] following [11, 18, 40]
to regularize the rendered depth D(r) as:

K

D(r) = Ti(1—exp(—0:i0:) ti, (8)

i=1

Lawn = S 1DE) =D, (9)

reD
where D is the set of rays that have valid depth
values estimated by SfM[42] on the image. Since
the depth from SfM is sparse and is not avail-
able in the texture-less regions, the reconstruction
result is still poor with the loss above. Therefore,

it is necessary to incorporate stronger regulariza-
tion to constrain the indoor scene reconstruction
to achieve a better result.

3.2 Plane Regularization

There are many man-made planes in indoor
scenes, not only walls, floors, and ceilings but
also tables, wardrobes, etc. These areas are also
texture-less areas without valid supervision in
reconstruction. It is reasonable to improve recon-
struction in these areas by regularizing these areas
to be flat if we know that these areas are planes.

3.2.1 Plane Segments Generation

Plane segments can be obtained by plane detec-
tion [27, 28, 61]. However, plane detection meth-
ods need extra annotated planes, which are not
easy to obtain. Therefore, we propose to get
planes unsupervised by super-pixel segmenta-
tion. Given one image during training, we fol-
low [7, 8, 25, 59] to get the plane segments
by super-pixel segmentation without supervision.
The Felzenszwalb super-pixel segmentation|[13]
uses the greedy approach and segments areas with
low gradients. The pixels with similar colors are
clustered together. We treat the super-pixel seg-
ments whose areas are larger than the predefined
thresholds to be the pseudo-planes, filtering the
small segments that are likely to be non-planar
out. As shown in Fig. 1, areas such as floors, walls,
chair surface, and piano exterior are segmented.

3.2.2 Two-step based Pseudo-plane
Parameter Estimation

We use the least square method to fit the 3D coor-
dinates of n; points on the m-th plane to get its
parameters A™ as [59]. Given a set of 3D points
X =[xy, T2, - T, | belonging to the m-th plane
in one image during training, the relation between
the points X and the plane parameters A™ is

XA™ =1, (10)

A" = (X X €)' X1, (11)
where [ is the identity matrix. Enough points are
beneficial to get accurate plane parameters. How-
ever, as we introduce plane regularization on the
fly during training, we need to estimate the plane
parameters online. To get the coordinates of 3D
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Fig. 3 The illustration of the two-step plane parameter
estimation. We first estimate the parameters of the roughly
estimated planes by fitting a few points back-projected by
the expensive rendering depth in the first step. Further,
we randomly sample more points on the roughly estimated
plane and then obtain the signed distances and the nor-
mal directions by directly querying the MLPs efficiently.
Finally, we march the points according to their signed
distances and normal directions, and then estimate the
parameters of the rectified planes by fitting these points.

points, it is necessary to get the depth of these
points, which is rendered by volume rendering as
Eq. (8). It is slow and memory-consuming to query
every point along the ray to get the depth of only
one point. Therefore, we propose to get the plane
parameters efficiently and effectively in a two-step
scheme, utilizing the property of SDF.

Our two-step plane parameter estimation

scheme includes the rough plane parameter esti-
mation and the rectified plane parameter estima-
tion, as can be seen in Fig. 3.
Rough plane parameter estimation. In the
first step, we get the roughly estimated plane
parameters, which is inaccurate but fast. We sam-
ple only four points pi, pi, pi, pi € R3 in the
pixel space? per plane segment during render-
ing and get the corresponding rendered depth
di, di, di, d} via expensive volume rendering. The
corresponding 3D points in the camera space of
the training image are calculated as follows:

x; = d; K~'p;, (12)

2Here pi, p;, pé, p}l are the homogeneous coordinates of
the sampled points. The superscript ' and 2 are denoted to
distinguish the points in the first step rough plane parame-
ter estimation and the second step rectified plane parameter
estimation, respectively

where K is the camera intrinsics matrix. We
then get the roughly estimated plane parameters
A™ based on Eq. (27). The parameters of the
roughly estimated plane are noisy and inaccurate
as the number of sampled points is limited by the
memory in the slow volume rendering process.
Rectified plane parameter estimation. In the
second step, we re-estimate the plane parameters
utilizing SDF. We re-sample a new set of points
P pi, ... ,pfm on the roughly estimated plane in
the pixel space. The depth of these points on the
roughly estimated plane is calculated as follows:

i (p?) = (AmTKflpf)_l . (3)

We then back-propagate these points to get the
coordinates of the 3D points in the world space as:

x} = B~ d*(p)) K 'p} (14)

K2

1T
—Ep? KA Kp?, (15)

where E is the extrinsic matrix of the camera.
We then directly feed the 3D coordinates of these
points into the MLP to get the corresponding
signed distances §(x?) and normals n(x?), respec-
tively. The normal is computed by the derivative of
the signed distance s. We assume that the points
on the roughly estimated planes are close enough
to the true surface, i.e., the plane. Therefore, we
get the coordinates of the points on the rectified
plane by marching these points according to the
signed distances and normals as:

7, = a? — 3(a?)n(2?) (16)
The rectified plane parameters A’™ are calcu-
lated from these points. It should be noted that
the coordinates of the newly sampled points are
directly from the MLP without the accumulated
depth here. The process is much faster. There-
fore, the number of sampled points in this step is
much larger than in the first step. As a result of
the scheme, the calculation of plane parameters is
efficient and effective.

3.2.3 Pseudo-plane Regularized SDF

After getting the rectified plane parameters A",
we calculate the signed distances s(z?) of the



sampled points x? to the estimated plane as:

2 A/m -
s(x}) = sgn(&;, «} wc)\li%ﬂ, (17)
A/'mTA/m
where
Lo if |2 — x| > ||laf — x|,

sgn(&;, mf, T.) = {

(18)
@, is the coordinate of the camera, and sgn(-) is
the sign function that turns positive if the sampled
point is outside the surface and negative if inside.
We consider the calculated signed distance as the
pseudo ‘ground truth’ to regularize the SDF. The
plane regularization loss for the predicted signed
distances §(x;) during training is:

plane: Z || )” (19)

TEX?

3.3 Plane Segments Fusion Based
Points Weighting

The plane segments are usually noisy and inac-
curate. If the points outside the true plane are
considered in the pseudo-plane, the plane param-
eters are likely to be poorly estimated and the
points are also forced to be close to the plane
by the false regularization. Therefore, we propose
to weight the points differently in plane estima-
tion and regularization to remedy these problems.
The weights are obtained by fusing plane segments
from different views. We assume that the incon-
sistent areas of the segments from different views
are more likely to be poorly segmented and the
consistent areas are more accurate.

Plane Segments Fusion. We propose and train
a segmentation network branch attached to the
MLPs to fuse the plane segments. The network
predicts sigmoid probability A™(x) of point x
on plane m. To get the segmentation prediction
H™ of plane m on the image, we accumulate the
segmentation probability in volume rendering as:

K
S T (1 - exp (—0,8)) b

i=1

H™(r) = (20)

=1, if 1@ — @ < [laf — all,

We train the segmentation network branch with
the binary cross entropy (BCE) loss:

»Cseg = »Cacc,seg + Epoint,seg- (21)

The segmentation loss contains two parts. Lacc scg
is the loss for the accumulated segmentation sig-
moid probability, and Lpeint_scg is for the sigmoid
probability h’(r) of the sampled points x* on
the roughly estimated planes on the ray = in the
second step.

S I

reR i=1
+(1 — H'(r)) log(1

) log(H*(r))

Eacc,seg

— "0 (r)), (22)

) log(H*® (1))

Acpointﬁeg = Z Z hz
rcR i=1
+(1 = hi(r))log(1 — H* (r)).

(23)

The correspondence between ¢ and «(i) is achieved
by matching the accumulated prediction H® and
H*® with Hungarian matching [4, 23, 49]. We
search for a permutation of M elements a € &y
with the lowest cost as:

M

a = arg mlnz,ﬁmamh (Hz Ha(’)) (24)
aeS

K3

Lmaten 1s measured by pair-wise sloU and BCE.
Weighting. By fusing the plane segments, h™ (x)
is relatively low in the inconsistent regions, while
in the consistent regions, A" (x) is high. We nor-
malize h™(x;) to h™(x;) = %n We
utilize A" (x) to weight Eq. (27) in the second step
rectified plane parameter estimation as:

W™ (1)
W= . (25)
Bm(wnz)
A= (XTWX+e) XTI (26)



Eq. (19) in the plane regularization is weighted as:

Lotne = 3 W7(@)|s(@) - 3(@)].  (27)

rEX?

Here we do not weight the points in the first step
of plane parameters estimation. The reason is that
we only get the roughly estimated plane param-
eters in the first step. The second step is more
important.

3.4 Overall Loss

To be summerized, our overall loss function is:

L :‘Crgb + )\sdfﬁsdf + Adepthﬁdepth'i_
)\planeﬁplane + Aseg‘csegv (28)

where L,gh, Lsar and Leptn is explained in Eq. (5).
Lgsar is our plane regularization loss in Eq. (27),
and Lgeg is the plane segmentation loss in Eq. (21).

3.5 Keypoint Guided Ray Sampling
Strategy

Gaussian
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Fig. 4 The illustration of keypoint guided ray sampling
strategy. We utilize Direct Sparse Odometry (DSO) [12]
to extract keypoints from the color images. We initialize
the sampling weight of every pixel in the image as 1, then
choose the 3 x 3 patch centered at the keypoints and calcu-
late the sampling weight of pixels in patches by Gaussian
distance. We finally normalize the weights of the entire
image to sample rays.

Neural volumetric rendering is optimized
based on the rendering loss between the predicted
RGB color and the ground-truth color. In indoor
scenes, ordinary random ray sampling is ineffi-
cient and redundant. The reason is that the planar
regions usually occupy large areas and the rays in
the texture-less regions are easy to be sampled.
Considering there is a small offset for a sampled

ray but still hitting inside the same plane. The
RGB rendering loss is usually small as the RGB
colors are similar inside the plane, after some
iterations. Though the reconstruction is wrong,
the loss may be close to zero. Sampled rays in
these regions contribute less to the reconstruction
optimization. It is reasonable that the sampling
strategy should attend to the informative tex-
tured areas with large color variations. Inspired by
[12, 14, 42, 43, 59], we propose the keypoint guided
ray sampling strategy. To be specific, we extract
the keypoints by Direct Sparse Odometry [12]. We
calculate the sampling weight G, of 2D point p;
by the Gaussian distance to the keypoints in the
patch P, centered at the 2D keypoints g; as:

1+ kexp(I2=%lzy 5 — argmin |p; — g5,

¥
Gp, = and p; € qu,
1, otherwise,
(29)
where k and ~ are hyper-parameters to control
the scale of sampling weights. The final sampling

probability G, for point p; is normalized as:

G,

Gy == (30)
TGy,
The illustration of our proposed keypoint guided

ray sampling strategy can be seen in Fig. 4.

4 Experiments

4.1 Datasets and Metrics

Datasets. We perform our experiments on Scan-
Net (V2) [10] and 7-Scenes [45]. ScanNet (V2) is
a large-scale challenging real-world indoor scene
dataset with ground-truth camera poses and
surface reconstructions, containing around 2.5M
RGB-D images captured in 1613 indoor scenes. 7-
Scenes consists of RGB-D frames captured by a
tracked Kinect RGB-D camera and uses Kinect-
Fusion [20] to obtain dense 3D models and cam-
era poses. While previous neural indoor scene
reconstruction methods with depth and normal
priors mainly focused on the scenes with Man-
hattan world assumption, in our experiments, we
prove that our method can perform better in
more general scenes. Thus we consider: a) The
same real-world indoor scenes following [18]; b)
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(a) COLMAP (b) NeuS (c) VoISDF (d) Manhattan-SDF (e) Ours (f) Ground-truth ~ (g) Ground-truth RGB

Fig. 5 Visualization compared with other methods on the indoor scenes in Manhattan-SDF [18] from the ScanNet dataset.
COLMAP [42] and NeuS [50] cannot produce proper reconstruction results. VolSDF [56] leads to noisy reconstructions
without additional constraints. Manhattan-SDF improves the smooth results in the regions such as floor, wall, and bed, but
details are missing in some small planar areas such as the sweeping robot. In contrast, our method can get a more detailed
surface in these regions, achieving compelling results.

Four additional Manhattan world scenes where learned signed distance function. To overcome the
the DeepLab V34 segmentation network predicts effect of unobserved regions in evaluation, sug-
poorly on the wall and floor regions; ¢) Four addi- gested by Manhattan-SDF [18], we render depth
tional Manhattan world scenes with small visible maps from predicted mesh and re-fuse them with
areas of walls and floors; d) Four non-Manhattan TSDF fusion [20] following [34]. We set Asqr as 0.1,
world scenes from the ScanNet dataset. Adepth as 1.0 following [18], and set Apjgne as 0.01,
Metrics. Following [18, 47, 60], we use RGB- Aseg as 0.05.

D fusion results as 3D reconstruction ground

truth and evaluate our method using five standard 4.3 Performance Comparisons

metrics defined in [34]: accuracy, completeness,
precision, recall, and F-score with a threshold of
scm.

We compare our method with the following
methods: traditional MVS reconstruction method:
COLMAP [42]. We use screened Poisson Surface
reconstruction (sPSR) [21] to reconstruct mesh
from extracted point clouds; Neural volume ren-
Our network is trained for 50 epochs with batches dering methods: NeRF [33], NeuS [50] and VolSDF

4.2 Implementation Details

of 1024 rays. We use the Adam optimizer [22] with [56]; Volume rendering with additional pre-trained
the initial learning rate 5 x 10* and an exponential segmentation model: Manhattan-SDF [18]. We do
learning rate decay strategy. All RGB images are not visualize the reconstruction results of NeRF
initially resized to 640 x 480 for scene reconstruc- because it fails to reconstruct indoor scenes with-
tion, and we utilize the Felzenszwalb super-pixel out geometric constraints. Our method achieves
segmentation [13] and COLMAP [42] method to state-of-the-art performance not only in the Man-
extract super-pixel and sparse depth maps from hattan scenes but also in the non-Manhattan
these re-scaled images respectively. We implement scenes. Our method is also unrestricted by the
our method with PyTorch [39] and train our net- pre-trained network which may perform poorly on
work on one NVIDIA GeForce RTX 2080Ti GPU. some scenes, and can also perform well on the
We obtain the camera’s intrinsic and extrinsic cluttered indoor rooms with small visible areas of
parameters from the original dataset [10], and floors and walls.

adjust them to be consistent with the image scal- Manhattan scenes:

ing. Following [1], we normalize all cameras to 1. We compare PPlaneSDF with other methods
be inside a unit sphere and initialize network on the four scenes on the ScanNet dataset [10],
parameters by representing the initial SDF to a and the four scenes on the 7-Scenes [45] from
unit sphere with the surface normals facing inside. Manhattan-SDF [18]. As can be seen in Table 1,
We evaluate the results by the Marching Cubes our method achieves state-of-the-art results on

algorithm [30] to extract surface mesh from the these scenes. As can be seen in Fig. 5, COLMAP
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Table 1 Results on the ScanNet dataset and the 7-Scenes dataset. We compare our method with the classical MVS and
the neural volume rendering methods on the four indoor scenes from Manhattan-SDF [18] in each dataset. T indicates the
result reproduced by ours. Other results are from Manhattan-SDF. The averaged results show that our method achieves
the competitive reconstruction performance on the ScanNet dataset and performs better on the 7-Scenes scenes. The best
and the second best results are boldfaced and underlined, respectively.

ScanNet 7-Scenes
Method
‘ Acc | Comp | Prec T Recall 1 F-score ﬂ Acc | Comp | Prec T Recall 1 F-score 1

NeRF [33] 0.735 0.177 0.131  0.290 0.176 0.573 0.321 0.159 0.085 0.083
NeusS [50] 0.179 0.208 0.313 0.275 0.291 0.151 0.247 0.313 0.229 0.262
VolISDF [56] 0.414 0.120 0.321 0.394 0.346 0.285 0.140 0.220 0.285 0.246
COLMAP [44] 0.047 0.235 0.711 0.441 0.537 |0.069 0.417 0.536 0.202 0.289
Manhattan-SDF [18]] 0.050 0.055 0.705 0.660 0.681 0.161 0.288 0.360 0.182 0.239
Ours ‘ 0.057 0.062 0.703 0.664 0.683 [0.104 0.301 0.511 0.209 0.295

(a) COLMAP (b) VoISDF (c) Manhattan-SDF (d) MonoSDF (e) Ours (f) Ground-truth ~ (g) Ground-truth RGB

Fig. 6 Visualization compared with other methods on Manhattan scenes where the DeepLab V3+ [5] segmentation network
predicts poorly on the wall and floor regions. COLMAP and VolSDF cannot achieve competitive results. Manhattan-SDF
and MonoSDF produces unreasonable reconstruction results in the poorly predicted segmentation regions, e.g., the wall
region near the paper holder. Compared with these approaches, our approach can produce more details and smooth surfaces,
achieving better results.

and NeuS cannot produce proper reconstruction achieve competitive results. The depth estima-
results. VolSDF leads to noisy reconstructions tion network of MonoSDF [60] also performs pool.
without additional constraints. Manhattan-SDF Manhattan-SDF and MonoSDF produces unrea-
improves the smooth results in the regions such sonable reconstruction results in the poorly pre-
as floor, wall, and bed, but details are missing dicted regions, e.g., the wall region near the paper
in some small planar areas such as the sweeping holder. Compared with these approaches, our
robot. In contrast, our method can get a more approach can produce more details and smooth
detailed surface in these regions while achieving surfaces, achieving better results. The comparison
compelling results. between our generated planes and the seman-
2. We also conduct a comparison on the other tic segmentation results used in Manhattan-SDF
scenes in the ScanNet dataset. In Table 2, we can be seen in Fig. 8. DeepLab V3+ predicts
select 4 scenes where DeepLab V3+ [5] segmen- poorly in some scenes, while ours gives a better
tation network predicts poorly on the wall and segmentation result.

floor regions in the ScanNet dataset. The results 3. In Table 3, we select the scenes where the walls
show that Manhattan-SDF [18] degrades on these and floors are heavily occupied by other objects.
scenes restricted by the inaccurate predictions of Manhatan-SDF degrades due to insufficient con-
the pre-trained segmentation network. As can be straints on the small area of walls and floors, while

seen in Fig. 6, COLMAP and VolSDF cannot our proposed plane regularization can still work
on the small areas of planar regions on the objects

11



(a) COLMAP (b) VoISDF (c) Manhattan-SDF (d) MonoSDF (e) Ours (f) Ground-truth  (g) Ground-truth RGB

Fig. 7 Visualization compared with other methods on the scenes with small visible areas of walls and floors. COLMAP
and VolSDF do not lead to complete reconstructions. Manhattan-SDF cannot put effective Manhattan world assumption
constraints on these scenes and produce poor reconstructions on some objects, e.g., the table tennis table and computer
desk. Instead, our method relies not only on the wall and floor regions but also on these small areas of planes on objects
more generally. So we can achieve more smooth and more accurate results with more details and obtain results competitive
with the MonoSDF method.

Table 2 Results compared with other methods on
Manhattan scenes. It shows that DeepLab V3+ [5]
segmentation network predicts poorly on the wall and floor
regions. We chose four scenes from the ScanNet dataset. Our
approach can still perform well while Manhattan-SDF [18]
degrades. The best and the second best results are boldfaced
and underlined, respectively.

Method ‘ Accl Compl Prect RecalltF-scoret
NeRF [33] 0.420 0.612 0.041 0.017 0.023
NeuS [50] 0.283 0.482 0.182 0.136 0.153

VoISDF [56] 0.254 0.306 0.239 0.179 0.198
MonoSDF [60] | 0.199 0.123 0.426 0.396 0.407
COLMAP [44] | 0.131 0.149 0.482 0.452 0.460

Manhattan-
SDF [15] 0.104 0.171 0.563 0.442 0.493
Ours | 0107 0.168 0.563 0.472 0.512

(a) Image (b) Superpixel Segments (c) Semantic Segments

and performs better. In Fig. 8, DeepLab V34
also predicts nearly nothing in the scenes where

walls and floors are heavily occupied. In contrast, Fig. 8 The comparison between plane segments by super-

pixel (b) and the semantic segments for wall and floor by

the super-pixel approach performs better in these DeepLab V3+ (c). The floors are masked with red color,
scenes. Results validate the effectiveness of our and the walls are masked with blue color in (c). DeepLab
proposed PPlaneSDF. The visualization can be in V3+ predicts poorly in some scenes. It also predicts nearly
. nothing in the scenes where walls and floors are heavily
Flg' 7. COLMAP. and VoISDF do not lead to com- occupied. In contrast, the super-pixel approach we adopt
plete reconstructions. Manhattan-SDF cannot put gives a better segmentation result in these scenes.
effective Manhattan world assumption constraints
on these scenes and produce poor reconstructions MonoSDF [60] performs better than us as the

on some objects, e.g., the regions on the table ten-
nis table and computer desk. Instead, our method
benefits not only the wall and floor regions but
also these small areas of planes on objects more
generally. So we can achieve more smooth and
more accurate results with more details results.

monocular depth estimation network performs
well on these scenes.

Non-Manhattan scenes: Except Manhattan
scenes, there exist lots of non-Manhattan scenes

12



(a) COLMAP

(b) VoISDF (c) Manhattan-SDF

(d) MonoSDF

() Ours (f) Ground-truth (g9) Ground-truth RGB

Fig. 9 Visualization compared with other methods on the non-Manhattan scenes. COLMAP and VolSDF can only produce
rough surface reconstruction results. Manhattan-SDF wrongly predicts the sloping wall as zigzag because of the Manhattan
world assumption. MonoSDF cannot achieve competitive results due to its heavy reliance on the monocular depth prediction
model. Without Manhattan world assumption and any pretrained model, our method achieves reasonable and detailed

surfaces, getting better performance and generalizing well.

Table 3 Results on the cluttered Manhattan scenes with

small visible areas of walls and floors. We choose four scenes

from the ScanNet dataset. Results show that our method
can still achieve the second best performance in these

challenging scenes. The best and the second best results are

boldfaced and underlined, respectively.

Method ‘ Acc] Compl Prect RecalltF-scoref
NeRF [33] 0.448 0.566 0.042 0.010 0.015
VolISDF [56] 0.322 0.236 0.243 0.159 0.184
NeuS [50] 0.124 0.156 0.370 0.285 0.320
Manhattan-

SDF [18] 0.103 0.148 0.442 0.361 0.396
COLMAP [44] | 0.160 0.136 0.404 0.406 0.402
MonoSDF [60] | 0.105 0.118 0.514 0.490 0.501
Ours ‘ 0.093 0.132 0.494 0.408 0.445

where there are more than three dominant direc-
tions. In Table 4, we choose four non-Manhattan
scenes from the ScanNet dataset. The results
show that our method performs well on the non-
Manhattan scenes and surpasses Manhattan-SDF
a lot. The reason is that our method is not
constrained to the Manhattan world assumption
while Manhattan-SDF still imposes the Man-
hattan world assumption and gets unreasonable
results. Fig. 9 shows that COLMAP and VolSDF
can only produce rough surface reconstruction
results. Manhattan-SDF wrongly predicts the
sloping wall as zigzag because of the Manhat-
tan world assumption. MonoSDF cannot achieve
competitive results due to its heavy reliance on
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Table 4 Results on the non-Manhattan scenes. We choose
four non-Manhattan scenes from the ScanNet dataset. Our
method surpasses other methods on challenging scenes. The
best and the second best results are boldfaced and
underlined, respectively.

Non-Manhattan

Method ‘ Acc|l Compl Prect RecalltF-scoret
NeRF [33] 0.538 0.760 0.036 0.011 0.016
NeuS [50] 0.246 0.349 0.173 0.120 0.140
VolSDF [56] 0.419 0.223 0.217 0.199 0.204
COLMAP [44] | 0.134 0.195 0.440 0.358 0.389
MonoSDF [60] | 0.122 0.090 0.441 0.444 0.441
Manhattan-

SDF [1§] 0.109 0.132 0.516 0.450 0.478
Ours ‘ 0.105 0.131 0.542 0.495 0.515

the monocular depth prediction model. With-
out Manhattan world assumption and any pre-
trained model, our method achieves reasonable
and detailed surfaces, getting better performance
and generalizing well.

4.4 Ablation Studies

4.4.1 The Importance of Different
Modules in PPlaneSDF

To validate the effectiveness of our proposed
method, we conduct ablation studies on the four
Manhattan scenes from Manhattan-SDF [18]. The
results are shown in Table 5. In Table 5, the base-
line is the original VolSDF [56]. Depth means
utilizing the sparse depth from COLMAP [42] as



(e) PPlaneSDF

(a) VoISDF (b) VoISDF-D (c) VoISDF-D-P (d) VoISDF-D-P-W (VoISDF-D-P.W.S)

(f) Ground-truth

Fig. 10 Visualization of the ablation studies of PPlaneSDF on the Manhattan scenes in the ScanNet dataset. Our proposed
method can effectively improve reconstruction quality and produce much more detailed and smooth reconstruction results
than the baselines. Note that VolSDF-D-S can reconstruct more clear contours of objects such as the sweeping robot and
doorframe compared to VolSDF-D, and VolSDF-D-P can reconstruct smoother planes such as the wall region compared to
VoISDF-D. VolSDF-D-P-W is also better than VolSDF-D-P. Our PPlaneSDF can maintain the details while also producing
smooth and high-quality reconstruction results. (Note: *-D: w/ sparse depth; *-P: w/ our proposed plane regularization;
*-W: w/ plane segments fusion based points weighting; *-S: w/ keypoint guided sampling)

Table 5 The ablation study of PPlaneSDF. The result is averaged on the four Manhattan scenes from Manhattan-SDF
[18]. We retrain the VolSDF and add components to it. Results show that every design in our method works and gets the
best performance with the combination of all designs. The best and the second best results are boldfaced and underlined,
respectively.

Depth  Plane Reg Weighting Sampling ‘ Acc| Comp| PrectT Recall? F-score?

0.270 0.145 0.416 0.387 0.397
v 0.062 0.065 0.637 0.611 0.623
v v 0.067 0.065 0.652 0.629 0.640
v v 0.059 0.067 0.680 0.636 0.657
v v v 0.055 0.062 0.689 0.650 0.669
v v v v 0.055 0.062 0.703 0.664 0.683
additional supervision following [18, 26, 40, 51], plane segments fusion based points weighting. The
which is also adopted in our method. Plane Reg final F-score increases by 0.014 by our proposed
means our proposed plane regularization. Weight- keypoint guided ray sampling strategy.
ing means our proposed plane segments fusion The visualization can also be seen in Fig. 10.
based points weighting. Sampling means the key- The results verify the effectiveness of our
point guided ray sampling strategy. Results show method. The visualization of the reconstruction
that every design in our proposed PPlaneSDF by PPlaneSDF in the training process can be seen
works, and the combination of all designs gets the in Fig. 11. It shows that the regions are becoming

best performance. Compared with VolSDF with planar in the early training.
COLMAP depth as supervision, our proposed
plane regularization improves by 0.034 on F-score.
F-score further increases by 0.012 by our proposed
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(a) 1 epochs (b) 2 epochs (c) 4 epochs

A o
(f) 10 epochs

(d) 6 epochs (e) 8 epochs

Fig. 11 Visualization of the reconstruction results of PPlaneSDF on the Manhattan scenes in the ScanNet dataset at early
training epochs. It shows that the contour of the objects such as the boxes and piano become more clear, and some planar
areas such as the walls, floor, bed, and table become flatter, gradually. The quality of reconstruction is gradually improving

in the training process.

4.4.2 Number of Points in Plane
Parameter Estimation.

The number of points is important to estimate
an accurate plane parameter, therefore, we pro-
pose the two-step plane parameter estimation. In
Table 6, we study the effect of the different number
of points in the rectified plane parameter esti-
mation. It can be seen that when the number
of sample points is too small, the performance
degrades a lot. The reason is that the few sam-
ple points make the plane estimation inaccurate.
Accurate estimation is in need of sampling suffi-
cient points. When the number of sample points
is large, the performance also degrades. The rea-
son may be that the unsupervised plane segments
by super-pixel are noisy and inaccurate, therefore
it may need some randomness.

4.4.3 Visualization of Plane Segments
Fusion Based Points Weighting

We visualize the plane segments fusion based
points weighting. As can be seen in Fig. 12, the
weights are small in the mistakenly segmented
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Table 6 The performance of PPlaneSDF with the
different number of sample points in rectified plane
parameter estimation. The result is the averaged F-score
on the four Manhattan scenes from Manhattan-SDF
[18]. The best performance is achieved with 8192 points.
The larger or smaller number of sample points degrades
the performance. The best and the second best results
are boldfaced and underlined, respectively.

# of samples| 1024 2048 4096 8192 16384 32768
|0.633 0.638 0.642 0.657 0.638 0.634

F-score

regions, such as the schoolbag and lamp. In con-
trast, the weights are large in the accurately seg-
mented regions, such as the ceiling and wall. The
weights are distributed differently in the whole
image, showing the effectiveness of our method.
Benefiting from our fusion strategy, we are able
to predict plane parameters effectively and impose
corresponding constraints for generating reason-
able results even in the case of over-segmented
pseudo-planar regions, seen in Fig. 13.



(b) Superpixel Segments

(a) Image (c) Fusion Weight

Fig. 12 The illustration of the plane segments by super-
pixel (b) and the weights of points with plane segments
fusion (c). The weights are obtained by plane segment
fusion from different views. The weights are distributed dif-
ferently in the whole image. The weights are very small in
the mistakenly segmented regions, such as the schoolbag
and lamp. In contrast, the weights are large in the accu-
rately segmented regions, such as the ceiling and wall.

Table 7 The performance of PPlaneSDF with different
loss weights of plane regularization (Apjane). The result
is the averaged F-score on the four Manhattan scenes
from Manhattan-SDF [18]. The best and the second
best results are boldfaced and underlined, respectively.

Aplane ‘ 0.01 0.05 0.1 0.2 0.5 1.0

‘0.618 0.632 0.649 0.657 0.640 0.592

F-score

4.4.4 Loss Weights

We conduct ablations on different loss weights
in PPlaneSDF. Appropriate loss weights in the
proposed plane regularization and plane segmen-
tation get the best performance, seen in Table 7
and Table 8. Too large loss weights for plane regu-
larization and plane segmentation may hinder the
optimization process of neural surface reconstruc-
tion, while too small loss weights may lose the
effect.
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(a) Image (b) Superpixel Segments (c) Normal

Fig. 13 The illustration of some cases about the plane
over-segments by super-pixel (b) and the normal maps
our model predicted (c). The accurate normal maps
are obtained benefiting from our plane segments fusion
strategy from different views. As for the over-segmented
pseudo-planar regions, we can also predict accurate plane
parameters effectively.

Table 8 The performance of PPlaneSDF with different
loss weights of plane segmentation (Aseg). The result is
the averaged F-score on the four Manhattan scenes from
Manhattan-SDF [18].

0.005
0.650

0.01
0.669

0.05
0.653

0.1
0.647

Aseg | 0.001

| 0.649

F-score

Table 9 The ablation of the keypoint guided ray
sampling strategy. The result is the averaged F-score on
the four Manhattan scenes from Manhattan-SDF [18].
The best and the second best results are boldfaced and
underlined, respectively.

| k
Method | 5 1 15 2
Uniform | 0.607  0.608  0.617  0.608
Gaussian | 0.612 0612  0.640  0.614

4.4.5 Keypoint Guided Ray Sampling

We conduct ablation for keypoint guided ray
sampling strategy in Table 9. We try different sam-
pling weight strategies. Gaussian means that the
weights in the patches are set corresponding to the
Gaussian distance to the keypoints in Eq. (29).
Weights are large near the keypoints and small far
from them. Uniform means that the weights in the



Table 10 The ablation of the threshold of pseudo-plane
segmentation. The result is the averaged F-score on the four
Manhattan scenes from Manhattan-SDF [18]. The best and
the second best results are boldfaced and underlined,
respectively.

Table 11 Averaged results of the combination of our
proposed PPlaneSDF and Manhattan-SDF [18] on the four
Manhattan scenes from Manhattan-SDF. Results show that
our proposed methods are compatible and can get better
performance combined with Manhattan-SDF. The best and the
second best results are boldfaced and underlined, respectively.
(Note: *+P: w/ our proposed plane regularization; *+W: w/
plane segments fusion based points weighting; *+S: w/
keypoint guided sampling; *+PPlaneSDF = *4+P+W+S)

seg. threshold ‘ 1000 2000 3000 4000

F-score ‘ 0.664 0.683 0.659 0.644

. . Method Accl Compl Prect RecalltF-scoret
patches centered at keypoints are set uniform and |

) . . M-SDF 0.050 0.055 0.705 0.660 0.681
eql}al to the mean of the correbpondl.ng Gaussian M.SDF + P 0019 0053 0714 0665 0688
weights. The results show that Gaussian performs M-SDF + P + W 0.048 0.054 0.727 0.674 0.699
better than the Uniform weights. M-SDF + PPlaneSDF | 0.046 0.052 0.737 0.683 0.709

4.5 The Threshold of Pseudo-plane
Segmentation

We treat the super-pixel segments whose areas
are larger than the predefined thresholds to be
the pseudo-planes, filtering the small segments
that are likely to be non-planar out. We con-
duct ablation on the segmentation threshold in
Table 10. The results show that too small or too
large thresholds lower the performance. A small
threshold results in over-segmentation, therefore
imposing incorrect plane regularity on the non-
plane areas. In contrast, large threshold results
in under-segmentation, therefore the plane regu-
larity is lacking in the plane areas. As a result,
the performance decreases. Finally, we choose the
2000 threshold to extract pseudo-planes in the
scene four Manhattan scenes from Manhattan-
SDF [18]. The selection of the threshold is related
to the resolution of input RGB images and the
size of planar regions in the indoor scene. For
the 640 x 480 resolution training images of the
ScanNet dataset, smaller pseudo-plane segmenta-
tion threshold (e.g., 1000) are usually chosen for
indoor scenes with smaller planar regions (e.g. the
utility rooms) to achieve better pseudo-plane con-
straints. On the other hand, larger pseudo-plane
segmentation threshold (e.g., 2000) are preferred
for indoor scenes with larger planar regions (such
as bathrooms) for better results.
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4.6 Combination with Our Method
with Manhattan-SDF

Though our method achieves comparable perfor-
mance on the four Manhattan scenes in Scan-
Net dataset from Manhattan-SDF [18] and per-
forms better on other scenes, we combine our
method with Mahattan prior from Manhattan-
SDF to achieve better performance. We combine
the Manhattan-SDF' loss on the segmented floors
and walls with our method. Manhattan-SDF can
deal with large areas of planar regions, while our
plane regularization can serve as an enhancement
on the small areas of plane regions. As can be
seen in Table 11, with our proposed plane regu-
larization, the F-score improves by 0.007. Adding
plane segments fusion based points weighting,
the F-score further improves by 0.011. With our
keypoint guided sampling, the F-score further
improves by 0.01. The results validate that the
effectiveness of our method and our designs are
compatible with Manhattan-SDF. The visualiza-
tion can be seen in Fig. 14. Manhattan-SDF
only focuses on the floor and wall regions under
the Manhattan world assumption and ignores the
planar areas of objects. Combined with our pro-
posed PPlaneSDF method, Manhattan-SDF +
PPlaneSDF can not only reconstruct smoother
planes on the wall and floor regions but also pro-
duce more accurate planes and precise contours of
objects, e.g., the fireplace and the chair leg. The
reason is that our plane regularization also works
on the planar areas of objects and our keypoint
guided ray sampling strategy attends to the object
contours with large color variations.



(a) Manhattan-SDF

(b) Manhattan-SDF + PPlaneSDF

(¢) Ground-truth

(d) Ground-truth Image

Fig. 14 Visualization of the combination with Manhattan-SDF in scenes from the ScanNet dataset. We combine our
approach with Manhattan-SDF and further improve the quality and accuracy of the reconstruction. Manhattan-SDF only
focuses on the floor and wall regions under the Manhattan world assumption and ignores the planar areas of objects.
Combined with our proposed PPlaneSDF method, Manhattan-SDF + PPlaneSDF can not only reconstruct smoother planes
on the wall and floor regions but also produce more accurate planes and precise contours of objects, e.g., the fireplace and
the chair leg, which makes a better result. The reason is that our plane regularization also works on the planar areas of
objects and our keypoint guided ray sampling strategy attends to the object contours with large color variations.

4.6.1 Runtime and Memory Usage

Table 12 Comparison of training time (1 iteration) and
GPU memory consumption for each components. All test
experiments are conducted on a 2080Ti GPU with a batch
size of 1024 rays.

Plane Reg Weighting Sampling | Time(s)

Mem.(MB) F-score

v 0.5967 8599.24 0.640
v 0.7171 8599.97 0.657
v v 0.8145 9211.14 0.669
v v v 0.8228 9211.85 0.683

The runtime of 1 iteration and the GPU mem-
ory usage of our method is listed in Table 12. The
number of total iterations are the same for differ-
ent methods. The plane regularization costs extra
time due to the plane estimation and the plane
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Table 13 Comparison of training time (1 iteration) and GPU

memory consumption with the baseline methods. All test

experiments are conducted on a 2080Ti GPU with a batch size

of 1024 rays.

Methods | Time (s) Mem. (MB) F-Score
VolSDF [56] 0.5501 8561.33 0.397
VoISDF [56] + Depth 0.5895 8598.01 0.623
Manhattan-SDF [18] 0.6743 8974.46 0.681
Ours 0.8128 9210.85 0.683

regularization loss. The segmentation branch in
the Plane Segments Fusion Based Points Weight-
ing costs extra time and GPU memory. The
Keypoint Guided Ray Sampling Strategy costs a
little extra time. Comparison to the baselines can
be seen in Table 13. Our method costs extra time



and memory compared to VolSDF [56], VolSDF
[56] + Depth and Manhattan-SDF [18].

5 Conclusion

In this work, we present the pseudo-plane regular-
ized signed distance field for indoor scene recon-
struction. We consider adjacent pixels with similar
colors to be on the same pseudo-planes and reg-
ularize the signed field of the neural implicit sur-
face representation by these planes. To estimate
the plane parameters on the fly during training
effectively and efficiently, we propose a two-step
estimation scheme. The singed distances of the
sampled points are regularized to be the distances
to the planes. To remedy the noisy and inaccu-
rate plane segments, different weights are assigned
to the sampled points in plane estimation as well
as the regularization loss. The weights come by
fusing the plane segments from different views.
The keypoint guided ray sampling strategy is
also proposed to avoid redundant sampling in the
planar regions and attend to the informative tex-
tured regions. The implicit network gets the better
reconstruction by this strategy. Experiments show
that our method not only achieves competitive
reconstruction results in Manhattan scenes but
also generalizes well to the non-Manhattan scenes.
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