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@ Rebuilds structured (man-made) scenes as arrangements of planar primitives.

Output a set of 3D planar
primitives that briefly describe
both geometry and semantics of
a man-made environment.

? Why Planes?

A form of explicit and
compact representation

with rich geometric and V =
semantic cues

Type (Size): Mesh (~5M)
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O Rebuilds structured (man-made) scenes as arrangements of planar primitives.

(Input: Posed Images }

Output a set of 3D planar
primitives that briefly describe
both geometry and semantics of
a man-made environment.
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O An intuitive solution: fitting planes to dense geometry, i.e., two stages of

1 Surface Reconstruction 2| Primitive Estimation
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O PlanarRecon [Xie et al, CVPR'22]:

1 predicts plane parameters for each voxel 2 detects plane instances by Meanshift
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O AirPlanes [Watson et al, CVPR'24]: | 1 off-the-shelf surface reconstruction

2 detects plane instances by running RANSAC on geometry PLUS learned plane embeddings
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relies on the quality of
input geometry;
limited generalization
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L Coreidea: |1 detecting plane instances on 2D

distilling inconsistent 2D observations into a unified 3D neural
representation, which unlocks the full use of plane attributes
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0 To detect and recover spatial planar regions from each single view.
Local Planar Primitive: P = (M CI,7t) 2Dmask Plane parameters

Input: posed images 4% What makes ideal 2D plane

Normal ~ Segments | (°* .
7" observations?

1. Normal Consistency ﬁ
- Monocular Normal Estimation

Local Planar Primitives 2. Geo. & Sem. Continuity«—_]
(View-inconsistent) Over-segmentation

SfM keypoints
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Methodology: Plane-guided Neural Representation

O Local Planar Primitives are generated with little dependence on viewpoint:
X explicitly establishing and merging correspondences
/ fusing them implicitly in the context of neural fields:
NN Coplanarity Feature: ¢(p) | (a) Geometry Branch
—— Density: o(p) \11 \vz Alm;
UUU — Color: c(p,v) | P,

a

Legy=— Volume Rendering ] *i x5 -

{ Explicit Normal Regularization

\

2 for random triplets of rays

 Lnomal

=N,
Pseudol)epth Supervision
for cach ray

“EMa

Pseudo-Depth Dlstr 42 ~ N(DE, 1)
Rendering PDF: he (1) = T(t)o () o, jy
\ )

translates spatial constraints into two intra-primitive regularization terms
@ Semantics Branch performs inter-primitive reasoning via contrastive learning

NeuralPlane: Structured 3D Reconstruction in Planar Primitives with Neural Fields, in ICLR, Singapore, 2025 1/1
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[ Geometry Branch

By Explicit Normal Regularization

AT
AC’normal(oﬁ; Pa) = ]ET,wPa 1 - 77,

NeRF-derived surface normal 72;:

O sample a triplet of rays from the same

2D segment;

O compute the normal of the plane passing
through their termination points.

¥ Pseudo-Depth Supervision

ﬁp—depth(ar 7,3 Py) = ]Er,wPuDKL [df ”hg(t)] .

p deplh ﬁ
O DS-NeRF[Deng et al, CVPR'22]: model the depth ‘
label d as a random variable normally distributed
around the plane-derived pseudo-depth D:

d~ N(t;D,ﬁ_l)
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Explicit Normal Regularization

\ = R Loormal

for random triplets of rays
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Pseudo-Depth Supervision

Pseudo-Depth DlS\‘.I‘ d ~N(Dg, B)

for each ray

Rendering PDF: b (t) = T(t)a(t) o, i3
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O Semantics Branch
Semantics matter: crucial to discerning distinct planes.

(b) Semantics Branch mean
/| [ |

punl \ [‘f “'31

By Neural Coplanarity Field (NCF)
O Decompose scenes into groups: GARField [Kim et al, CVPR'24]

O Supervise a feature field with a margin-based contrastive objective

- e em e e e = e -

Lpush (95 Py, Py) —l\l[\|oa—ob||>t or [ngmyl<ty] ' ReLU(m — ||If , = f,1I2)
Q Mitigate the i issue of over- segmentation

O Analysis of NCF:
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0 Semantics Branch
Semantics matter: crucial to discerning distinct planes.
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( )] Semantlcs Branch

¥ Neural Parser (NF)
Grouping the learned NCF into instances: ContrastivelLift [Bhalgat et al, NeurlPS'23]

o .
7~ O No need to presume the /O Asy@_closely located but distinct
exact number of instances; Bi. Matchingin |~ “features into distinct prototypes;
O Just ensure to discern eve}y single batchl @ The others can be easily handled
adjacent planes. == === by RANSAC.
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[ Export Global 3D Parametric Plane Instances (See more in the Appendix)
Density Field

Coplanarity Field o
ooono

Neural Parser

Grouping Triangulation

OVSNVY

Assigning

0 Table: Comparison on ScanNetv2 (left) & ScanNet++ (right)

Method Chamfer| F-scoret RI* VvOll SsCt Chamfer| F-scoret RIt VOl SsCt
PlanarRecon 9.80 49.0 0.909 3.27 0.265 14.29 43.8 0.900 3.49 0.231
AirPlanes 6.01 55.1 0.944 251 3.41 8.91 441 0.931 290 0219
FineRecon 5.16 70.6 - - - 5.52 74.0 - - -
+Seq.RANSAC 5.43 66.7 0.941 256 0.276 5.36 75.3 0929 279 0.252
+AirPlanes 5.44 66.2 0.947 243 0.310 5.37 75.5 0941 266 0.277
NeuRIS 7.96 63.2 - - - 4.83 81.2 - - -
+Seq.RANSAC 8.11 59.3 0.945 257 0.293 4.84 80.9 0.941 246 0315
+AirPlanes 6.17 61.0 0.943 255 0.291 4.69 79.9 0.943 253 0.287
MonoSDF 5.18 69.7 - - - 4.85 774 - - -
+Seq.RANSAC 5.67 65.9 0945 238 0.333 5.09 77.7 0939 247 0.288
+AirPlanes 5.45 66.6 0.948 2.38 0.346 5.29 742 0935 269 0.264
Ours@PlaneRecTR 5.02 68.7 0949 237 0.364 6.17 70.0 0939 272 0.301
© Ours@sAM 4.59 71.2 0.955 225 0.376 4.60 79.7 0.950 2.38 0.356
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O Ablating Components

’&\3\\\ 0.376
< ‘(\.\ s 1.2 0.955 0.352
7 i ——861 0350
X 60.3 0.944
o 0.936 Reference W[O Ly gepth wj/o Refine.
73 0.119
(\30\0 g
we 0903
Fscoet  RIT sct wjo NCF Ours@PlaneRecTR Ours@SAM
O Ablating Key Hyperparameters
o 1 e e 1 75 Obser\’ations
J* 0 Strikes a good balance between Precision
+ "’7("”‘*‘\7” i + " and Recall. Even beats SDF-based methods.
.8 LI
PR 505 o O Geometry and semantics are tightly
I I Ao g entangled in the task, and the combination
z Aaaf] 7 ¥ )
N in our method appears notable synergy.
“ e i or b Q Inherently ambiguous in defining planar
- .
! 0 32100 T4 10 100 ° structures. Adjust the granularity.
# of Prototypes: N # of Dimensions: d
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PlanarRecon SimpleRecon+AirPlanes MonoSDF+RANSAC

PlanarRecon FineRecon+AirPlanes ObjectSDF++ +RANSAC

PlanarRecon NeuRIS+AirPlanes NeuRIS+RANSAC
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NeuralPlane: Structured 3D Reconstruction in

Planar Primitives with Neural Fields
Speaker: Hangiao Ye
Q Code: https://github.com/3dv-casia/NeuralPlane
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