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Figure 1: MultiScan offers 3D reconstructions of indoor scenes with multiple scans, capturing objects
in multiple states, and with multiple levels of annotations. For each scene, we provide multiple scans
(leftmost column) with objects in varied states (second column). Each scan is densely annotated
with semantic object instances (third column) that are corresponded across scans. Each object is
annotated with parts and part articulation parameters (fourth column). Different scans capture objects
in different articulation states (e.g., the cabinet door is opened in the bottom row). The MultiScan
pipeline and dataset enable investigation of holistic 3D scene understanding with articulated objects
by supporting tasks that reason at multiple levels of a 3D scene (rightmost column).

Abstract

We introduce MultiScan, a scalable RGBD dataset construction pipeline leveraging
commodity mobile devices to scan indoor scenes with articulated objects and
web-based semantic annotation interfaces to efficiently annotate object and part
semantics and part mobility parameters. We use this pipeline to collect 273 scans
of 117 indoor scenes containing 10957 objects and 5129 parts. The resulting
MultiScan dataset provides RGBD streams with per-frame camera poses, textured
3D surface meshes, richly annotated part-level and object-level semantic labels,
and part mobility parameters. We validate our dataset on instance segmentation and
part mobility estimation tasks and benchmark methods for these tasks from prior
work. Our experiments show that part segmentation and mobility estimation in real
3D scenes remain challenging despite recent progress in 3D object segmentation.
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1 Introduction

Datasets of 3D indoor environments are increasingly used for computer vision, robotics, and machine
learning. ScanNet [7] and Replica [37] enabled much work on 3D semantic segmentation and object
detection. Gibson [45] and Matterport3D [3] enabled work on vision-and-language, visual navigation,
and many other embodied Al tasks. Even though the impact of such work is high, efforts are few and
far between, typically limited by the availability of usable hardware and software infrastructure, and
the significant time commitment required for data collection and annotation.

Moreover, these real-world 3D reconstruction datasets are not interactive. Reconstructions capture a
static scene, providing a “frozen in time” snapshot that does not allow the kinds of rich interactions
possible in the real world (e.g., opening and closing kitchen cabinetry). Thus, existing real scene
datasets do not contain information about how objects can be rigidly moved and how object parts can
articulate to open and close.

To address this challenge, we design MultiScan, a scalable 3D environment acquisition pipeline
based on commodity devices (smartphones and tablets). Our pipeline allows for collection of and
processing of raw RGBD data to produce 3D surface mesh reconstructions with textures. Rapid
turnaround times for processing paired with a set of web-based annotation interfaces for semantic
annotation at both object and part levels and annotation of part mobility parameters allow for efficient
and scalable construction of articulated, real-world 3D scene datasets.

Using our software infrastructure, we collect a dataset of diverse real interiors each scanned at
multiple points in time. Multiple scans per interior allow us to annotate and correspond objects that
move rigidly and object parts that articulate. Unlike prior work on static 3D reconstruction datasets,
we capture container interiors (cabinetry, fridges etc.) and collect multiple observations of the same
objects and object parts in different states. These properties of the dataset allow us to carry out a
dense multi-scale semantic annotation at the scene, object, and part levels.

We use the MultiScan dataset to systematically benchmark tasks at several levels (object segmentation,
part segmentation and motion estimation) and evaluate the consistency of approaches for these tasks
between scans of the same scene. We show that current methods for each of these tasks exhibit
prevalent failure modes and leave much space for improvement. Moreover, consistency of predictions
across observations of the same scene is low, showing that there is much work to be done to achieve
consistent holistic 3D scene understanding.

In summary, we contribute: 1) a scalable real-world 3D environment acquisition and annotation
pipeline; 2) a dataset of densely annotated 3D interiors with object, part, and part mobility annotations;
3) a systematic benchmark of methods for object and part segmentation and mobility estimation. We
open-source our code and our data under the MIT license.

2 Related Work

We summarize related work on semantically annotated real-world scenes and interactive (i.e. articu-
lated) objects. See Table 1 for a comparison against relevant prior work.

Reconstructed 3D environments. Existing reconstructed indoor environments are limited in multiple
observations of the same scene, object part level and mobility information. SceneNN [13], ScanNet [7]
and Replica [37] contain mostly single room scale reconstructions with dense semantic object
annotations on mesh vertices. ARKitScenes [8] is the largest room-scale 3D dataset with 5,048
scans of 1,661 unique scenes but only 3D object bounding boxes are annotated. Matterport3D [3],
Gibson [45], and HM3D [33] are all building-scale 3D datasets. Only Matterport3D [3] has manual
semantic annotations at the object level. Armeni et al. [2] offer semi-automatic annotations based on
MaskRCNN [ 1] for a limited number of categories in a subset of Gibson [34] scenes. Unlike our
work, none of these datasets extend object level annotations to the object part and part motion levels.

The ScanNet [7] dataset contains several scans of the same environments. However, there was no
control for whether objects are moved and no explicit mapping between object instances in different
scans. RIO [41] and Rescan [9] both capture multiple scans of each environment with objects moved
around and corresponded across scans. However, they do not capture or annotate articulated objects
with different articulation states. To the best of our knowledge, our work provides the first dataset



Dataset Scenes Scans  Objects Parts RGBD Multi-state  Part articulations ~ Scene-obj-part hierarchy

SceneNN [13] 100 100 1667 X X X X
Replica [37] 18 35 2843 X X X X X
ScanNet [7] 707 1513 36213 X X X X
Matterport3D [3] 90 90 50851 X X X X
ARKitScenes [8] 1661 5048 67791 X X X X
Rescan [9] 13 45 1021 X X X
3RScan [41] 478 1482 43006 X X X
OPDReal [ 18] — — 231 787 X
AKB-48 [25] — — 2037 4074 X X X
MultiScan 117 273 10957 5129

Table 1: Comparison of semantically-annotated real-world scene and articulated object datasets.
MultiScan provides semantic annotations at both the object and part levels, unlike prior work. In
addition, articulated parts are annotated with motion parameters and multiple scans capture the scene
at different points in time with objects in varying articulation states (multi-state). Raw RGBD video
sensor streams are also preserved. Unlike datasets that focus on single objects [18, 25], MultiScan
objects are observed in scenes with realistic context, and annotated hierarchically (scene-obj-part).

capturing a scene with multiple scans at multiple points in time, with multiple states, and multiple
levels of semantic annotation at the object, object part, and part motion levels.

Interactive environments and objects. Current methods for obtaining interactive environments
suffer from a lack of scalability. Typically datasets with interactive scenes consist of synthetic assets
designed by artists from scratch [22, 31, 48], or based on real world reconstructions [38]. Some
prior work [10, 34] creates functionally-equivalent interactive scenes by basing the arrangement of
objects on semantically annotated 3D reconstructions and replacing scanned objects with objects from
existing synthetic datasets [42, 46]. Instead, we directly annotate articulations on the reconstructed
objects, so that objects have more realistic and varied geometry and textured appearance.

The datasets of articulated objects that the above prior work draws upon are also limited in scale and
quality, consisting mostly of synthetic 3D models [12, 42, 46, 49]. Martin-Martin et al. [28] created
the RBO dataset consisting of 14 real-world articulated objects. More recently, larger datasets of
real-world articulated objects were introduced with AKB-48 [25] focusing on small tabletop objects
and OPDNet [ | 8] on objects with openable parts. All three datasets are limited to isolated objects that
are not arranged in scenes. We collect a dataset of 3D indoor environments with articulated objects.
This allows for the study of holistic understanding of articulated objects in real scenes.

Reconstruction of articulated objects. Reconstruction of dynamically changing scenes is a chal-
lenging research problem. There is some recent work on reconstructing scenes in the presence of
a few rigidly moving objects [44], but scenes with object articulations such as kitchen cabinetry
remain challenging to reconstruct due to severe occlusions and partial observation in the presence of
a manipulating human. Recently, there has been increasing interest in predicting part mobility from
3D meshes [12], single point clouds [23, 42, 49], multiple point clouds [35, 36], images [, 18, 51],
and depth sequences [15, 16]. Identifying movable parts and motion parameters for articulated
objects that are statically reconstructed is a strategy for bypassing dynamic reconstruction. However,
static reconstruction methods cannot directly handle multiple scans of the same object in different
articulation states. To address this, flow-based methods to correspond points from multiple point
clouds have been proposed [ 14, 50]. Other work jointly predicts motion and performs reconstruction
by using implicit functions [20, 29, 43, 52] or neural radiance fields [39]. All the above work focuses
on mobility prediction for isolated single articulated objects, and does not consider the placement of
the objects in a realistic 3D environment. Moreover, these recent advances were enabled in part by
the availability of articulated object datasets [42, 46]. As a step toward encouraging more work in
this direction at the scene level, we provide the first dataset of articulated real-world scenes.

3 Approach

We follow an approach similar to the ScanNet [7] data collection pipeline for acquiring and semanti-
cally annotating 3D reconstructions of indoor environments. Key differences are that our framework
produces: 1) textured meshes with dense semantic annotations on mesh triangles (vs only at vertex



Figure 2: Overview of the MultiScan pipeline. Duriagquisition we use mobile devices to collect
RGBD sequences and camera trajectories in a given scene. Then, protiessingstage we
reconstruct aligned textured 3D meshes and compute an unsupervised multi-scale segmentation that
will be used for annotation. Duringnnotation we use a set of web-based interfaces to semantically
annotate object and part instances in each scan, and part articulation parameters.

points); 2) multi-level hierarchical annotations of object instances and parts; 3) object articulation
and motion annotations; and 4) correspondences between instances in scans of the same scene. Our
pipeline also provides data collection apps for iOS and Android commodity devices.

Figure 2 illustrates the MultiScan reconstruction and annotation pipeline. The iOS and Android
scanning apps we developed use built-in LIDAR sensors, stereo camera pairs, or single RGB cameras
with monocular depth estimation (Section 3.1). This allows us to acquire scans with a variety of
devices and sensor types. We then carry out RGBD fusion to produce the 3D mesh geometry and
compute textures for the geometry using the aligned RGBD image sequence (Section 3.2). We
semantically annotate object instances in each scan, correlating instances across scans of the same
scene, and specifying articulated parts and their motion parameters (Section 3.3).

3.1 Acquisition

We developed scanning applications for iOS and Android mobile devices. These applications capture
RGB, depth, depth con dence and IMU sensor streams, as well as camera pose trajectories. An
associated Ul allows the operator to specify metadata (scene description etc.), and to upload the scan
to a server for reconstruction (see supplement for details). A web interface is also available to browse
all uploaded data and check reconstruction quality to determine if scanning again is required.

To create the dataset in this paper, ve volunteers used the iOS scanning app with three iPad Pro
2020 and two iPhonel2 Pro devices to collect scans from residences, schools, and public spaces in
several geographic locations in Canada, the United States, and China. Consent was obtained from
the volunteers and from space owners for any non-public spaces that were scanned. No people or
personally identi able information was scanned. During scanning, users move freely through the
scene with the device in hand and record an RGBD video. Each scene is scanned multiple times
after objects and their parts are moved to different con gurations. During the rst scan, most of the
articulated objects (e.g. drawers and cabinets) are left in a closed state. For additional scans, we open
parts such as drawers and cabinets, and reposition objects that are commonly moved during daily use
(e.g., chairs, pillows, kitchen utensils) to obtain scans of the scene in a different state.

Collected data are captured at 60 Hz with synchronized device timestamps allowing for alignment
between data modalities. RGB video frames have a resolution of 1920x1440, while depth and depth
con dence frames are 256x192. In total, we captured about 4.19M frames (19.4 hours) of RGBD

video data. The median scan duration is about 15.3K frames (4.3 minutes).

3.2 Processing

We fuse depth frames into a Truncated Signed Distance Field (TSDF) volume using the camera
trajectory captured from the device, and extract a surface mesh reconstruction using the marching
cubes algorithmZ6] from Open3D p3]. We use a voxel size of 9.77 mm, and a truncation value

of 0.08m. We simplify the surface mesh using InstantMeshé&gtp reduce the total number of
vertices and faces. Then, we clean the mesh using Mestilab femove isolated components

and degenerate faces, and to align scans of each scene to a common coordinate frame. We then
generate textures for the surface mesh using the multi-view stereo texturing approach of Waechter



et al.[40]. The textured mesh preserves high frequency details on the surface geometry, allowing us
to distinguish and annotate cabinetry, plates etc. that would otherwise be merged into other surfaces.

To enable ef cient annotation, the resulting mesh is segmented using an unsupervised hierarchical
graph-based segmentation algorithm as employed by ScariN&€fating the triangle mesh as a
connected graph with mesh vertices (or faces) at the nodes, and mesh edges (or face-face adjacency
edges) at the edges. We create a coarse and ne segmentation. The coarse segmentation uses only
mesh vertex normal or face normal differences to compute edge weights for the graph cut algorithm.
The ne segmentation also includes RGB colors to break coarse clusters based on surface appearance.

The processing steps above are done automatically for each uploaded scan on a processing server
(Intel i9-10900F CPU, 32GB RAM, Nvidia RTX 3090Ti GPU). The median processing time per scan

is approximately 8 minutes, with initial surface reconstructions typically being available for viewing

on a web portal within about a minute. The relatively fast turnaround time enables repeated scanning
at each location, and scalability of the pipeline with commodity devices and novice operators.

3.3 Annotation

Our annotation framework consists of several phases: 1) reconstruction quality check and scan
alignment; 2) semantic annotation of objects and parts; 3) motion annotation; and 4) veri cation.
We densely annotate objects in the scene with object and part labels, also de ning a semantic front
and up direction for each object to produce semantically-oriented bounding boxes (OBBs) that give
the pose of the object in each scene. Object and part instances are correlated across scans of the
same scene with consistent object and part IDs. Unlike prior work on semantic annotation tools for
3D reconstructions/], our pipeline allows for ne-grained triangle-based annotation in addition to
pre-segmented clusters. Our motion parameter annotation tools allow for annotating semantically
meaningful motion ranges (consistently de ned opened and closed state values in a motion range),
unlike related prior work46, 47]. Here, we provide a high-level overview of the object and part
instance annotations, and motion parameter annotations. See the supplement for more implementation
details of the complete annotation pipeline.

Object and part instances.We use a hierarchical labeling interface to paint object and part instances.
Annotators specify part level annotations for objects that can be articulated with labels of the form
object_id:part_id = object_category.object_index:part_category.part_index identifying the object

and part category and instance. Corresponding objects and parts between scans are speci ed with the
Ssameobject_id  andpart_id . We also annotate semantically-aligned oriented bounding boxes (OBBs)
for each object (with consistent “front” and “up” directions de ned for each object).

Motion parameters. Using the part instance annotations, we segment each object into parts to
create a part connectivity graph to de ne a kinematic chain for the articulated parts. Then, annotators
indicate movable parts, xed parts, movable objects, xed objects, and architecture elements (e.qg.,
walls). For each movable part, the annotator speci es motion parameters: the base part (selected
from the connected parts), motion type (translation or rotation), axis of motion, motion origin (for
rotation), and motion range.

4 Dataset

In this section, we describe the MultiScan dataset and provide summary statistics of the scene, object,
and part level annotations. MultiScan includes 273 scans of 117 indoor scenes across 12 scene types,
with at least 2 scans per scene for 101 scéngle spaces captured in the MultiScan dataset are
mostly single rooms with the size of a room ranging from a small bathroom or laundry room to large
living rooms and library rooms. In rescans of the same scene, the states of articulated objects and the
positions of movable objects are changed. We de ne an articulated object to be an object consisting
of rigid parts that are connected by joints, and a movable object to be an object that is not attached to
the architecture, and is movable without using specialized tools.

Overall, 10957 total object instances were annotated, of which 2215 are architectural elements (wall,
ceiling, oor), 8742 are non-architectural objects, and 982 are articulated objects. We annotated a total
of 5129 parts, out of which 3049 were moving parts (2113 exhibiting rotation, and 936 translation).

!Some rescans did not result in acceptable reconstructions.






