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Fig. 1. Motivation. We focus on a scenario where a service robot operates in a specific indoor environment (e.g., household, office, or museum). Therefore, it

can collect information of the closed scene in an offline stage, then provide effective amodal scene understanding with a single panoramic capture of the room,
which facilitates high-level tasks and delivers immersive synchronized free-viewpoint touring with illumination variation and scene editing.

We, as human beings, can understand and picture a familiar scene from
arbitrary viewpoints given a single image, whereas this is still a grand chal-
lenge for computers. We hereby present a novel solution to mimic such
human perception capability based on a new paradigm of amodal 3D scene
understanding with neural rendering for a closed scene. Specifically, we
first learn the prior knowledge of the objects in a closed scene via an offline
stage, which facilitates an online stage to understand the room with unseen
furniture arrangement. During the online stage, given a panoramic image of
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the scene in different layouts, we utilize a holistic neural-rendering-based
optimization framework to efficiently estimate the correct 3D scene layout
and deliver realistic free-viewpoint rendering. In order to handle the domain
gap between the offline and online stage, our method exploits compositional
neural rendering techniques for data augmentation in the offline training.
The experiments on both synthetic and real datasets demonstrate that our
two-stage design achieves robust 3D scene understanding and outperforms
competing methods by a large margin, and we also show that our realis-
tic free-viewpoint rendering enables various applications, including scene
touring and editing. Code and data are available on the project webpage:
https://zju3dv.github.io/nr_in_a_room/.

CCS Concepts: - Computing methodologies — Computer vision; Ren-
dering.
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1 Introduction

Given a photo of our living room, as human beings, we can vividly
picture the whole layout in our mind, including how the furniture

is placed in 3D space and how the environment looks from any
viewpoint, even when objects are re-arranged di erently in the room.

Granting the computer similar skills would require reliable indoor
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models. Additionally, the per-object neural rendering models can be
plugged in to support full scene free-viewpoint rendering. While this
framework is technically plausible, we nd it su ers from several
challenges as follows, which we will address in this work:
Intensive Computation. Neural volume rendering methods are
typically computationally intensive since a tremendous number of

scene 3D semantic understanding and free-viewpoint rendering network queries are required for points densely sampling along

capabilities, which ideally are all ful lled from widely available

pixel rays, making it prohibitive for back-propagation-based op-

input, e.g, a single photo. Over decades, enormous e orts have been timization, like pose estimation, where the rendering needs to be

made in the eld of computer vision and graphics [Dai et £020;
Gortler et al 1996; Levoy and Hanrahan 1996; Mildenhall e28l0;
Nie et al 2020; Zhang et ak021a], yet the gap with the human
perception is still huge. Despite this, we argue that likely humans
are better at this task for places they are familiar with, and the
learned prior knowledge on the objects and their arrangement in a
closed room are the key to the success.

In this paper, we present a novel solution for reliable 3D indoor

done repetitively. iNeRF [Yen-Chen et 2D21] mitigates this issue
by restricting sample pixels inside the detected region of interest,

which reduces the computation cost and enables the camera pose

estimation with respect to a single object on a commaodity-level GPU.
However, this is still not practical for room-scale scenarios when
multiple objects need to be jointly optimized in order to handle
mutual occlusions or physical relations. To tackle this challenge,
we learn an implicit surface model jointly with its radiance eld,

scene understanding and free-viewpoint rendering in a closed scene inspired by NeuS [Wang et a2021a], which allows us to perform

a.k.a. aroom with a xed set of pre-captured objects but placed
under unknown arrangements and diverse illuminations. Inspired

e cient sphere tracing [Liu et al 2020] at the early stage of the
rendering, leveraging the estimated ray-to-surface distances. Points

by human amodal perception, our method takes advantage of an ¢an then be sampled from regions close to the surface, and a small

0 ine stage to collect prior knowledge of the target scene, where
models for each object.qg, for localization or neural rendering,
can be built with an a ordable workload and then ne-tuned in the
speci ¢ scenario for better performance. With the help of this strong
prior knowledge, during the online stage, our method only needs
light-weighted input,i.e., a single panoramic image taken from the

number of points is su cient for the optimization. In this way, we
signi cantly reduce the computational cost and make it feasible to
nish the joint optimization with multiple objects on a single GPU

in a reasonable amount of computation.

Incorrect Physical Relationship. Even though machine learning
models are trained per-scene, they could still make obvious mis-

scene, and can reliably recognize and localize objects in 3D S,pacetakes like breaking the physical rules and resulting in implausible

and render the scene from arbitrary camera viewpoints via amodal
3D understanding. While general scene understanding [Nie et al
2020; Zhang et aR021a] makes the best e ort to make predictions
under unseen environments but still su ers from generalization

novel view rendering,e.g, objects ying in the air or intersect-
ing with walls. To solve this problem, we propose several novel
physical losses and integrate a physics-based optimization into the
neural-rendering-based optimization, where the conformity to prior

issues, our amodal scene understanding aims at an accurate andknowledge and even pre-de ned ruleg.g, a bed should attach to

reliable scene understanding for familiar scenes.
A exible yet e ective scene representation is critical to the con-

the wall) are jointly optimized with the photometric error between
the rendered image and the observation. This signi cantly helps x

sidered task. Traditional representations such as textured meshes [Iza€Tors made on individual objects and improves the overall object

dinia et al 2017; Liu et al2019; Waechter et a82014] or voxels [Kim
et al. 2013; Song et a2017] generally have some drawbacksy,
limited rendering quality [Liu et al2019] and resolution [Song et.al
2017], requiring pre-built CAD furniture model for scene reconstruc-
tion [Izadinia et al 2017] and explicit lighting/material de nitions
for lighting variations [Li et al 2020; Matusik et aR003], which
prohibits ne-grained scene rendering and understanding. We thus
choose the neural implicit representation [Mildenhall et @020] as
it enables geometric reconstruction with photo-realistic volumetric
rendering, and it could be extended to support functionalities such
as appearance variation [Martin-Brualla et 2021] and scene graph
decomposition [Ost et aP021] with rendering-based optimization.
Speci cally, we rst build object detection and 3D pose estimation
models for all the objects of interest as well as a neural rendering
model for each object, including the empty room. At run-time, given
a panoramic image taken from the room stu ed with pre-captured

objects in a new arrangement, the scene understanding task can be

pose accuracy, which further delivers context abides rendering.
Domain Gap. The lighting condition may inevitably vary in the
scene, and object renderings from the models trained at o ine
stage may not be consistent with the environment, which will fur-
ther in uence the rendering-based optimization. To mitigate this,
we propose to exploit compositional neural rendering to augment
the training data. In particular, we augment the pre-captured data
with environment maps sourced from polyhaven.com [Zaal et al
2020], and learn the neural rendering models conditioned on light-
ing represented in a latent space. During the neural rendering based
optimization, the neural rendering model is able to respond to novel
illumination other than the one during the pre-capture stage, and
both the environment lighting and object pose can be successfully
optimized. We also synthesize objects with di erent scene layouts
and render photo-realistic images for the training of object predic-
tion, which empirically enhances model robustness.

Our contributions can be summarized as follows. We present a

achieved by 3D object detection and pose estimation, followed by an Practical solution for a novel task which aims at amodal 3D scene un-

optimization via di erentiable rendering using the neural rendering
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derstanding and free-viewpoint rendering for indoor environments
from a single panoramic image. We design a two-stage framework
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Fig. 2. During the o line stage, we learn a neural implicit renderer and object detectors with pre-captured scene and objects. During the online stage, given a
panoramic capture of a room, we first recognize object identities and estimate object meta information. Then, we generate object relations based on the
prediction and the geometric cues from the renderer. Finally, we conduct a holistic optimization to obtain 3D scene understanding by jointly optimizing all the

photometric and geometric cues.

in which per-object pre-trained models are learned o ine, and a
neural-rendering-based optimization is exploited for online 3D un-
derstanding. We analyze the technical challenges for this novel task
and propose mitigation techniques to improve run-time e ciency,
add physical constraints in the model, handle illumination changes,
and increase the data diversity that is hard to be ensured physi-
cally. Extensive experiments show that our method can achieve
signi cantly better 3D scene understanding performance than state-
of-the-art general 3D scene understanding methods and meanwhile,
deliver free-viewpoint rendering capability that supports high-level
applications like scene editing and virtual touring.

2 Related Work

3D Scene Understanding. 3D scene understanding is a popular
topic in computer vision. Early works mainly focus on room layout
estimation with Manhattan World [Coughlan and Yuille 1999; Rama-
lingam et al 2013; Sun et a019a; Yan et a2020; Zou et aR018]

or cuboid assumption [Dasgupta et.&016; Mallya and Lazebnik
2015]. Songt al. [Song et al2015] attempts to reconstruct and rec-
ognize scene objects from a domestic robot but requires laborious
crowd-sourced annotations. With the advance of neural networks,
many works propose to estimate both object poses and the room
layout [Du et al 2018; Huang et aR018a; Zhang et a2017]. To
recover object shapes, some methods [Chen e2@l9; Groueix

et al 2018; Wang et aP018] reconstruct meshes from a template,
and others [Huang et a2018b; Izadinia et a2017] adopt shape
retrieval approaches to search from a given CAD database. Recently,
some approaches [Dahnert et 2021; Nie et a020; Popov et al
2020; Yang and Zhang 2016; Yang eR@ll9; Zhang et ak021b]
enable 3D scene understanding by generating a room layout, camera
pose, object bounding boxes, or even meshes from a single view,
automatically completing and annotating scene meshes [Bokhovkin
et al 2021] or predicting object alignments and layouts [Avetisyan
et al. 2020] from an RGB-D scan. Inspired by PanoContext [Zhang

et al. 2014] that panoramic images contain richer context informa-
tion than the perspective ones, Zharg al. [Zhang et al 20214a]
propose a better 3D scene understanding method with panoramic
captures as input. For amodal scene completion, Zbgal. [Zhan

et al 2020] propose to decompose cluttered objects of an image
into individual identities. However, these works still su er from
limited generalization in real-world environments and do not allow
ne-grained scene presence from arbitrary views.

Neural Rendering. Neural rendering methods aim at synthesizing
novel views of objects and scene by learning scene representation
from 2D observations in various forms, such as voxels [Lombardi
et al 2019; Sitzmann et a2019a], point clouds [Dai et a2020],
meshes [Riegler and Koltun 2020, 2021], multi-plane images [Milden-
hall et al 2019; Tucker and Snavely 2020; Wang eR@P1b] and
implicit functions [Mildenhall et al 2020; Niemeyer et aR020;
Sitzmann et al2019b]. NeRF [Mildenhall et.&2020] uses volume
rendering to achieve photo-realistic results; follow up works extend
the model to multiple tasks, such as pose estimation [Yen-Chen.et al
2021], dense surface reconstruction [Oechsle e2@21; Wang et al
2021a; Yariv et aP021] and scene editing [Granskog et2021; Guo

et al 2020; Yang et aR021]. Meanwhile, other methods [Riegler
and Koltun 2020, 2021] also show impressive free-viewpoint render-
ing capability in the wild, or scene rendering [DeVries et 2D21;
Luo et al 2020] of indoor environments. However, existing neu-
ral rendering pipelines either need to be trained for a static scene
thus do not generalize to dynamic environments, or require domain
prior [Wang et al 2021b; Yu et aR021], limiting the free-viewpoint
rendering in unconstrained settings.

3 Method

Given a panoramic image of a closed environment with unknown
furniture placement, our goal is to achieve reliable 3D scene un-
derstanding, including instance semantic detection, 3D geometry
of each object, and their arrangementse(, object positions) in
the room, utilizing the data pre-captured beforehand. We split the
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