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Abstract

Articulated objects are prevalent in daily life. Inter-
actable digital twins of such objects have numerous applica-
tions in embodied AI and robotics. Unfortunately, current
methods to digitize articulated real-world objects require
carefully captured data, preventing practical, scalable, and
generalizable acquisition. We focus on motion analysis and
part-level segmentation of an articulated object from a ca-
sually captured RGBD video shot with a hand-held camera.
A casually captured video of an interaction with an artic-
ulated object is easy to obtain at scale using smartphones.
However, this setting is challenging due to simultaneous ob-
ject and camera motion and significant occlusions as the
person interacts with the object. To tackle these challenges,
we introduce iTACO: a coarse-to-fine framework that infers
joint parameters and segments movable parts of the object
from a dynamic RGBD video. To evaluate our method under
this new setting, we build a dataset of 784 videos containing
284 objects across 11 categories that is 20× larger than
available in prior work. We then compare our approach
with existing methods that also take video as input. Our
experiments show that iTACO outperforms existing articu-
lated object digital twin methods on both synthetic and real
casually captured RGBD videos.

1. Introduction

Building digital twins of articulated objects has many appli-
cations in computer animation, embodied AI, and robotics.
For example, scalable pipelines for building interactable dig-
ital twins benefit robotics research, by enabling convenient
training and evaluation in simulation prior to real-world
deployment. However, current approaches to building in-
teractable replicas of articulated objects impose many con-
straints on the input data, preventing practical and efficient
acquisition of articulated objects in realistic settings. Thus,
researchers still largely rely on manual annotation of articu-
lation joint parameters [53].

Recent approaches to articulated object reconstruction
and motion analysis can be categorized into three families.
The first focuses on dynamic reconstruction of the shape of
articulated objects [34, 44, 54, 62, 78]. Unfortunately, the
final output is not interactable as it is typically a sequence of
meshes instead of a kinematic structure with explicit links
and joints. The second family infers joint parameters and
builds part-level geometry simultaneously from two different
states of the object [12, 24, 27, 29, 36, 64]. However, this
requires aligning observations between states, and even small
errors in alignment can lead to dramatic drops in accuracy.
The third family of approaches generates articulated objects
leveraging large language and multimodal models [18, 30].
At present, these approaches either rely on an external library
for object retrieval or require data for fine-tuning. Retrieving
objects is not easily scalable, while collecting data for fine-
tuning is labor-intensive. Furthermore, generalization to real
settings after fine-tuning on limited data is not easy.

By analyzing the issues of recent approaches, we summa-
rize three desirable features for practical interactable digital
twin acquisition: 1) minimal input constraints; 2) explicit
representation of joint parameter and part-level geometry
for easy integration into simulators; and 3) generalization
across diverse object categories. To address these desiderata,
we create digital twins of articulated objects from casually
captured RGBD videos showing a human interacting with
the object. For example, a human operator with a hand-held
camera can first scan the object to reconstruct the object
surface, and then record an interaction with the object. Such
videos are easy to capture at scale and contain the necessary
motion information to infer joint parameters. Compared to
the problem setting in prior work, casually captured videos
are far less constrained and easier to capture, the final output
is easier to use for simulation, and the overall pipeline is
scalable to real-world settings.

However, casually-captured video also brings more chal-
lenges. Since both the camera and the scene are dynamic,
and the person occludes the object as they are manipulat-
ing it, decoupling camera motion and object part motion
is challenging. Consequently, accurate estimation of joint
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Figure 1. We propose iTACO: a coarse-to-fine framework for building interactable digital twins of articulated objects from a casually
captured RGBD video. Our pipeline first predicts coarse joint parameters and movable part segmentations. The initial estimates are then
refined with gradient-based optimization.

parameters and movable part segmentation is difficult. To ad-
dress these challenges, we develop iTACO: a coarse-to-fine
framework to build digital twins of articulated objects from
dynamic RGBD videos, illustrated in Fig. 1. Our pipeline
first estimates joint parameters and a movable part segmen-
tation via image feature matching. Then, a gradient-based
optimization framework refines the initial estimates against
a surface point cloud representation of the object acquired
through 3D reconstruction. Our pipeline explicitly parame-
terizes articulation and geometric parameters, satisfying the
second desideratum. Moreover, to aid generalization and sat-
isfy the third desideratum, our pipeline neither relies on an
external library nor requires additional data for fine-tuning.
Instead, it only uses pretrained models.

Since our problem has not been previously addressed, we
build a dataset for evaluation. We generate videos for 284
synthetic objects from 11 categories in PartNet-Mobility [33]
and collect real RGBD videos. Our dataset contains 20×
more objects compared to prior works [24, 27], allowing a
more robust evaluation of articulated object acquisition. In
summary, we make the following contributions:
1. We address building interactable digital twins of articu-

lated objects from casually captured RGBD videos, a new
problem setting that is more practical than prior work.

2. We develop iTACO: a coarse-to-fine framework for ac-
quisition of digital twins of articulated objects.

3. We collect a dataset with 20× more objects than prior
datasets. Experiments show that iTACO outperforms
state-of-the-art methods on both synthetic and real articu-
lated objects across different categories.

2. Related Work
Our work is related to motion analysis and reconstruction of
articulated objects, and dynamic scene understanding.

2.1. Articulated Object Reconstruction

Motion analysis and reconstruction of articulated objects is a
long-standing task in computer vision and robotics. Previous
motion analysis works focus on predicting joint parameters
or part-level segmentation from an image or a single point
cloud [11, 20, 48, 60, 63, 74, 81]. These works require train-

ing on specific datasets, which limits generalization. Previ-
ous articulated object reconstruction works focus on recon-
structing the shape of articulated objects [34, 44, 62, 77, 78].
The final output of these methods is the entire shape of the
object, which is not interactable, in particular due to the
absence of a kinematic structure with joints and articula-
tion parameters that can be driven kinematically or through
physics-based simulation. In contrast, we aim to build inter-
actable digital twins of articulated objects, where inferring
joint parameters and part-level geometry is essential.

Another line of work attempts to infer joint parameters
and build part-level geometry of articulated objects simulta-
neously. One problem setting uses multi-view observations
of different object states [12, 24, 27, 64]. These works im-
plicitly assume all observations have been aligned to the
same coordinates. In practice, this requires either manual
alignment which is not scalable or algorithmic alignment
which is error-prone. Other prior work uses robots to interact
with the articulated object and reconstruct articulated objects
from the interaction [29, 36, 61, 75]. However, robots are
expensive and may damage themselves or the environment
during the interaction. Therefore, this is not a practically
scalable path to build digital twins of articulated objects.
Recently, researchers began exploring motion analysis from
videos [14, 65, 85]. Robot-See-Robot-Do [14] recovers 3D
motions of an articulated object from a monocular human
demonstration video. Their problem setting is close to us,
but requires the camera to be static.

Other work uses large language and multimodal models
to generate a code representation or kinematic graph from a
single image of an articulated object [4, 18, 25, 30]. Lever-
aging vision-language models, Articulate-Anything can also
take image or video as input [18]. These works either rely
on existing mesh libraries to retrieve object part meshes or
require extra data for fine-tuning foundation models. Thus,
at the current stage, this line of work still suffers from out-
of-distribution issues, limiting generalization and scalability.
In contrast, our method does not rely on object retrieval or
fine-tuning, and is inherently more general and scalable.

In computer animation, automatic skeletal rigging has
been studied for decades [1, 5, 19, 23, 45, 47, 49, 55, 70–



73, 83]. However, the skeleton model is designed to animate
humans and animals, whose links are non-rigid and joints
are mainly ball joints. For rigid articulated objects such as
drawers and microwaves, most joints are prismatic joints
and revolute joints. Thus, it is suitable to represent rigid
articulated objects using skeleton models.

2.2. Dynamic Scene Reconstruction

Dynamic scene reconstruction is a challenging task in com-
puter vision. One line of research describes a dynamic scene
with a deformation field. Signed distance functions, and later
neural radiance fields and 3D gaussian splatting are com-
monly used [2, 6, 28, 35, 38, 43, 56, 59, 66, 69, 80]. These
works achieve impressive results in shape reconstruction and
novel view rendering of dynamic scenes, but it is difficult
to transform the deformation field to an explicit motion rep-
resentation, such as a rigid transformation matrix, which is
necessary for our problem.

Another line of approaches attempts to reconstruct dy-
namic scenes from monocular depth estimation and opti-
cal flow. Robust-CVD proposes to first estimate the depth
of each frame and then optimize camera poses and depth
jointly [17]. CasualSAM leverages optical flow to train
a depth and movement prediction network and optimize
camera parameters [84]. MegaSaM proposes an optimiza-
tion framework for dynamic scene reconstruction based on
DROID-SLAM [21, 52]. Recently, DUSt3R [58] provides a
powerful foundation model for static scene reconstruction.
There are several recent extensions to DUSt3R. MonST3R
fine-tunes DUSt3R on dynamic scene datasets to recover
dynamic 3D scenes [82]. CUT3R introduces a continu-
ous 3D perception model for online dense 3D reconstruc-
tion [57]. Easi3R identifies moving objects in the video from
DUSt3R’s attention maps [3]. Aether proposes a unified
model for reconstruction, planning, and prediction in dy-
namic scenes [50]. Our coarse prediction pipeline directly
benefits from MonST3R [82], and our refinement frame-
work is inspired by the optimization framework in Casual-
SAM [84] and MegaSaM [21].

A key sub-task in dynamic scene understanding is seg-
menting the ‘moving map’ (mask image indicating which
pixels are moving in the scene at each frame in the video).
Recent approaches are mainly based on optical flow or point
tracking [8, 10, 13, 31, 32, 68, 76]. However, we find that
point tracking methods struggle with textureless objects and
are sensitive to point locations (see supplement). Therefore,
we do not use these approaches.

3. Method
3.1. Problem Formulation

We define the interaction video as V = {It}Tt=0, where T
denotes the video length and each frame It ∈ RH×W×4 is

an RGBD image with height H and width W . An object
surface point cloud PO is assumed as input from a surface
reconstruction stage prior to the start of interaction, as there
are numerous methods for static surface reconstruction. The
state of the object when reconstructing the surface is the
initial state when recording the interaction video, and in
practice can be captured in the same video right before the
interaction begins.

We assume the video is casually captured with hand-held
devices such as smartphones. Therefore, we cannot assume
that the camera remains stationary during recording, nor do
we assume that the camera trajectory can be easily obtained.
We only assume the first video frame is aligned to the object
surface coordinate system. In practice, this alignment can
be achieved via point cloud registration or structure from
motion. Normally, a human operator manipulates one joint
at a time. Thus, we also assume only one part of the object is
moving in the video. For multi-joint articulated objects, we
can build each joint and part sequentially with consecutive
interaction videos.

The output includes two key components: 1) joint pa-
rameters J ∈ R7, including a binary value to indicate the
type of joint (e.g., revolute or prismatic), as well as two
triplets to indicate the position and orientation of the joint
axis; and 2) movable parts of the object. Since it is chal-
lenging to segment movable parts on the 3D objects directly,
we instead estimate a moving map for each video frame
Mt = {0, 1} ∈ RH×W , which indicates the moving parts
of the object in the video. Then, we unproject the moving
map to 3D space with depth values to identify movable parts
of the object. In addition, we also need to estimate both
camera pose pcam

t ∈ SE(3) and the joint state st ∈ R at
each frame.

3.2. Coarse Prediction

We first design a coarse prediction pipeline as shown in
Fig. 2. The idea is to decouple the problem by firstly finding
the moving part Mt of each frame of the video V . Once we
identify the dynamic region and static region in the video
frames, we can use point motion in the static region to es-
timate the camera pose pcam

t at each frame. We align all
the observations to the same coordinate, and compute rigid
transformations of movable parts of the object using points
motion in the dynamic region to estimate joint parameters
J and joint state {st}Tt=0.

In practice, we use MonST3R [82] to provide a rough
moving map Mt of each video frame. Then we unproject
pixels in It to 3D point cloud Pt with camera intrinsics,
and use LoFTr [46] to compute pixel-level feature matching
between two video frames. We use feature matching in static
regions identified by Mt to compute relative camera poses.
We align all observations to the same camera coordinate
system with the relative camera poses of each frame. Then,
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Figure 2. An overview of our coarse prediction pipeline. We first use feature matching in the static regions to estimate relative camera poses
and align all observations to the same coordinate. Then, we compute the rigid transformation using feature matching in the dynamic regions
to estimate joint parameters. Finally, we average out all the results to produce a joint parameter estimation.

we use feature matching in the dynamic regions to compute
a rigid transformation of the movable parts of the object. We
can further estimate joint parameters from this rigid transfor-
mation. We estimate joint parameters from multiple video
frame pairs and average the results as the coarse prediction
of the joint parameters and states.

Through the coarse prediction stage, the proposed
pipeline obtains rough results for moving map segmenta-
tion and joint parameters. However, this method has two
disadvantages: 1) Since the moving map is inaccurate, cam-
era poses and joint parameters estimation are inaccurate. 2)
Feature matching provides a reliable prediction only when
two video frames are visually similar. In other words, the
joint states do not change much, and the point motion in
dynamic regions will be minimal. In this situation, it’s hard
to tell which joint types lead to this kind of point motion.
Joint type prediction will be inaccurate as well.

3.3. Refinement

We refine the initial estimation results through gradient-
based optimization. This phase is based on a simple idea: if
the estimates of the joint parameters and camera poses are
accurate, the object states observed in the video should trans-
form back to the initial state. In other words, the transformed
point cloud should align with the given object surface point
cloud at the initial state. An overview of our pipeline is
shown in Fig. 3.

Concretely, we divide the optimization target into static
part and moving part. For the static part, we transform the
point cloud Pt to the same coordinate with camera poses
pcam
t . We compute a single-directional Chamfer distance

to the given object surface point cloud PO in Eq. (1).

Lstatic =
1

T

T∑
t=1

(1−Mt) · Chamfer(pcam
t Pt,PO) (1)

To compute the Chamfer distance of the moving part, we
first compute the transformation matrix kt for the moving

part with J and st. Then, we transform Pt with camera
pose pcam

t and kt. Then, we compute the single-directional
Chamfer distance to PO in Eq. (2).

Ldynamic =
1

T

T∑
t=1

Mt · Chamfer(ktpcam
t Pt,PO) (2)

Combining these two equations produces the final opti-
mization objective L = Lstatic +Ldynamic. Note that this com-
putation graph is differentiable. Thus, we can use gradient-
based optimization methods to optimize joint parameters,
camera poses, and the moving map.

However, this naïve implementation has two problems.
Firstly, it does not deal with newly observed parts of the
object in the video. A newly observed part is a region that
is initially hidden but becomes visible later (e.g., interior
of a microwave). This region does not correspond with
the object surface point cloud. Consequently, the Chamfer
Distance is unreliable for point cloud alignment. Secondly,
this implementation is quite inefficient. This is due to the
need to optimize the probability of each pixel belonging to
the moving part of each frame, which contains T ×H ×W
parameters in total. Considering each pixel individually is
not efficient as there are millions of pixels in each frame.

To tackle the second problem our automatic part segmen-
tation module aggregates pixels into object parts. This is
more efficient and effective as the number of parts is much
smaller than the number of pixels, reducing optimization
complexity. Similar to Segment-Anything [16], automatic
part segmentation segments the first video frame into several
part regions, and then tracks these regions throughout the
video using SAM2 [39]. Subsequently, instead of optimizing
Mt on each pixel, we optimize the probability of being a
moving part for each tracked segment. We define a vector
v ∈ (0, 1)D×1 to represent the probability of each segment
being a moving part, where D is the number of segments.
To construct Mt for a frame, we multiply each probability
value by the corresponding mask of the part. Finally, we
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Figure 3. An overview of our refinement pipeline. We transform observations in the video back to the initial stage with camera poses and
joint parameters. We then compute the chamfer distance from the transformed observation to the object surface as a loss function and
optimize relevant parameters.

sum the results across different parts to construct the moving
map. We leverage an existing implementation of object part
segmentation for videos.

The above automatic part segmentation module is also
used to identify newly observed parts, thus helping to alle-
viate the first problem with the naïve implementation. If a
part does not appear in the first frame, then it is classified as
a newly observed part. By filtering out newly observed parts
in the video, we reduce the spurious correspondence issue
when computing the Chamfer Distance.

Since our pipeline only estimates the moving map of the
input video, we need to find the movable part of the object
on PO. We unproject the pixels in the moving region in the
moving map of the first frame M0. Then, we select points
on PO which are close to the unprotected moving pixels to
be the movable part of the object. We use NKSR [9] to build
meshes of both the static and the movable parts of the object.

4. Experiments

We aim to answer the following questions with our exper-
iments: 1) How well can we estimate joint parameters?
2) How well can we acquire the geometry of the articu-
lated object? 3) How do different modules and strategies of
our pipeline contribute to the final results? and 4) Can our
method work in real-world scenarios?

4.1. Experiment Setup

Dataset. At present, there is no benchmark for evaluat-
ing joint parameter estimation from dynamic RGBD videos.
Therefore, we construct a synthetic dataset for evaluation.
We select objects from 11 categories in the PartNet-Mobility
dataset [33]. We simulate interaction between human hands
and these objects using the SAPIEN simulator [67]. For each
interaction, we generate two videos shot from two different
viewpoints. Camera trajectories are generated by moving
the camera towards a new target pose every 7 - 10 timesteps

in the simulator. The target pose is sampled from a Gaussian
distribution, where the mean value is the current camera pose
and the standard deviation is set to ensure the camera can
consistently look at the object. To get the object surface point
cloud, we unproject the depth maps from 24 viewpoints to
3D and fuse the point cloud. For Robot-See-Robot-Do, we
generate 100 views because it requires producing a NeRF
and 3D Gaussian splat [14]. Please refer to the supplement
for more details about the dataset construction. Since Robot-
See-Robot-Do requires manually cropping and clustering 3D
gaussian splats which is labor-intensive, we split the dataset
into two parts. We randomly sampled 10% of test videos
from our dataset to construct a smaller dataset named S-
Dataset, containing 73 test videos, while L-Dataset contains
the remaining videos in the original dataset.

Baselines. We select two recent works on modeling inter-
actable digital twins of articulated objects from video input:
• Robot-See-Robot-Do (RSRD) [14]: a differentiable ren-

dering pipeline that recovers 3D part motion from human
demonstration videos. We follow the pipeline to first re-
construct and segment the 3D Gaussian splats of the object.
Then, the input video is used to estimate the SE3 transfor-
mation of the 3D Gaussians for each part at each frame via
differentiable rendering. For a fair comparison, we mod-
ify their tracking pipeline to exploit ground truth depth
maps of the input video. We select the group of 3D Gaus-
sians with the longest moving distance to be the moving
part of the object. Since this pipeline does not include
a geometry reconstruction module, we export 3D Gaus-
sians and reconstruct a mesh using NKSR [9] for geometry
reconstruction.

• Articulate Anything (AA) [18]: a system that retrieves
object meshes from a library and estimates link and joint
parameters from text, image, or video input. We follow
the original work and use the Partnet-Mobility dataset as
the object mesh library, which contains all the ground
truth object meshes for our test cases, and use Gemini

https://github.com/zrporz/AutoSeg-SAM2


Joint Methods Axis(rad)↓ Position(m)↓ Type(%)↓ State(rad or m)↓ Failure(%)↓

Revolute

AA [18] 0.82±0.79 0.81±0.40 40.90 N.A. 38.63
RSRD [14] 1.16±0.52 1.18±1.21 88.88 1.05±0.59 46.66
iTACO (Ours) 0.32±0.56 0.13±0.25 15.90 0.25±0.46 6.81
iTACO w/o Refine 1.03±0.67 0.24±0.25 68.18 0.59±0.47 4.54
iTACO w/o Coarse 1.26±0.29 0.34±0.26 77.27 0.69±0.45 2.27
iTACO w/o Segment 0.36±0.55 0.17±0.24 18.18 0.33±0.44 6.81

Prismatic

AA [18] 0.92±0.78 N.A. 50.00 N.A. 46.66
RSRD [14] 1.27±0.44 N.A. 40.00 0.63±0.41 36.66
iTACO 0.24±0.33 N.A. 10.34 0.08±0.22 0
iTACO w/o Refine 0.28±0.40 N.A. 6.89 0.16±0.16 0
iTACO w/o Coarse 0.42±0.11 N.A. 6.89 0.08±0.09 0
iTACO w/o Segment 0.30±0.41 N.A. 13.79 0.07±0.07 0

Table 1. Evaluation of articulation parameter estimation on S-Dataset. We report the mean and standard deviation across all the test cases
within the dataset. iTACO performs best across most metrics, and ablations show the value of each component.

Methods CD-w↓ CD-m↓ CD-s↓

AA [18] 0.11±0.22 0.59±0.73 0.07±0.18
RSRD [14] 3.39±21.50 0.60±0.60 0.17±0.44
iTACO (Ours) 0.01±0.01 0.13±0.26 0.06±0.19
iTACO w/o Refine 0.01±0.01 0.40±0.44 0.35±0.46
iTACO w/o Coarse 0.01±0.01 0.19±0.22 0.06±0.16
iTACO w/o Segment 0.01±0.01 0.39±0.44 0.36±0.46

Table 2. Geometry evaluation on S-Dataset. We report the mean
and standard deviation across test cases within the dataset. iTACO
achieves the lowest reconstruction error among all aspects.

Flash-1.5 [51] for the VLM module.

Metrics. We use a suite of metrics to evaluate both geo-
metric reconstruction and articulation parameter estimation.
Geometric accuracy is evaluated using Chamfer Distance
between ground truth and estimated geometry for the whole
object (CD-w), for the movable part (CD-m) and for the
static part (CD-s). Articulation parameter estimation is eval-
uated using joint type classification error (percentage), joint
axis error (radians), joint position error for revolute joints
(meters), and joint state error (radians for revolute joints and
meters for prismatic joints). If the method crashes or re-
trieves incorrect objects (for retrieval methods), we classify
the output as a failure and assign π

2 error for joint axis and
revolute joint state, and error equal to 1 for other metrics.

4.2. Articulation Parameter Estimation Results

The quantitative results on S-Dataset are in Tab. 1, and quali-
tative results are in Fig. 4. Results on L-Dataset are in the
supplement. Our iTACO method outperforms or is compa-
rable to state-of-the-art methods along most metrics. AA

struggles with retrieving the correct object meshes. Most
failure cases are due to retrieval errors, which is surprising
since the retrieval library contains all the ground truth ob-
ject meshes. For example, in Fig. 4 AA retrieves a lamp
in the Stapler test case. In addition, the link placement and
affordance detection modules appear to not be robust either,
showing the challenge of our problem setting. AA selects
the wheel of the table to be a movable part, and places the
lid of the USB stick below the main body.

At the same time, RSRD cannot represent textureless ob-
jects accurately, likely due to limitations in using 3D Gaus-
sian splatting. Therefore, it often fails to correctly crop and
cluster 3D Gaussians into parts, even though human opera-
tors participate in this step. Most importantly, RSRD cannot
handle camera motion. Thus, its movable part segmenta-
tion deviates from the ground truth significantly. In contrast,
iTACO produces more accurate object articulations.

4.3. Geometry Estimation Results

We evaluate the geometry of our outputs using the Chamfer
Distance to the ground truth. We sample 10000 points from
the reconstructed mesh and the ground truth mesh, and com-
pute the Chamfer Distance between them. Tab. 2 shows the
results on S-Dataset. Results on L-Dataset are in the sup-
plement. Due to retrieval errors, link placement errors, and
affordance detection errors, AA has a high reconstruction
error, particularly on movable parts. RSRD performs even
worse, struggling with clustering 3D Gaussian splats into
different parts.

4.4. Ablations

We design three ablations of our method. To demonstrate the
importance of the coarse prediction module, we remove it
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Figure 4. Qualitative results on synthetic data. The moving parts of the object are shown in orange and static parts are in blue. Prismatic
joints are green and revolute joints are red. To illustrate the joint state prediction results, we render the articulated object at the end state.

from our pipeline and randomly initialize the parameters of
the refinement module, named iTACO w/o Coarse. To illus-
trate the importance of the refinement module, we remove
the refinement module and evaluate coarse prediction results

directly, named iTACO w/o Refine. Lastly, to demonstrate
the advantage of the automatic part segmentation strategy for
the refinement process, we naïvely optimize the probability
of being a moving part for each pixel at each video frame,
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Figure 5. Qualitative results on real data. We find that Articulate Anything struggles with objects that do not exist in the mesh library, such
as books. RSRD does not work well on textureless objects such as the cabinet example.

named iTACO w/o Segment.
In Tab. 1 we find that without refinement, coarse predic-

tion will fail on joint type prediction for more than half of
the test cases, particularly on revolute joints. As mentioned
in Sec. 3, when two video frames are similar it is hard to
distinguish revolute joints from prismatic joints. In Fig. 4,
we also see that the coarse prediction module misclassifies
the Stapler and Microwave joints. Without the refinement
module it is much harder to correctly segment the movable
and static parts, as shown in Tab. 2. Also, refinement cannot
work effectively from a random initialization in the ablation
without coarse prediction, as shown quantitatively in Tabs. 1
and 2 and qualitatively in Fig. 4.

Without automatic part segmentation, the joint predic-
tion performance degrades as the refinement module suffers
from incorrect point correspondences. For instance, the Mi-
crowave test case in Fig. 4 fails. The segmentation also
deviates from the correct segmentation as shown in Tab. 2.
In Fig. 4, we also see that without automatic part segmenta-
tion, our method has difficulty segmenting the moving parts
and static parts accurately. This illustrates the importance of
automatic part segmentation in optimizing joint parameters
and the moving map from the video.

4.5. Real-World Qualitative Evaluation

We also evaluate our methods and baselines on real data.
We use an iPhone 12 Pro with LiDAR camera to capture
data. We use Polycam [37] to reconstruct the object surface
and Record3D [40] to record the RGBD video of the human
interaction with the object. To improve depth map quality,
we use Prompt Depth Anything [22] to scale up the orig-
inal depth map. We compute the image feature matching
between the first frame of the video and all the images of the
reconstruction stage with LoFTr [46]. We select the image
pair with the most reliable feature matching, and compute
the rigid transformation between corresponding points of the
image pair to align the first video frame to the object surface
coordinate system. Real videos include human hands, which

interfere with MonST3R predictions for the moving map.
Thus, we use Grounded SAM 2 [41, 42] to mask hands with
the text prompt: “hands and arms”.

From the qualitative results shown in Fig. 5, we see that
AA fails on the Book test case due to the absence of similar
meshes in the mesh library. In the Cabinet test case, AA
retrieves reasonable meshes but predicts the wrong joint ro-
tation direction, as the door rotates into the cabinet. RSRD
fails to produce valid results due to the clustering and track-
ing issues on 3D gaussian. This demonstrates our method
can work on real data and outperform current methods in the
challenging setting of casually captured real-world RGBD
video inputs.

5. Conclusion

We introduced a new problem setting for reconstructing ar-
ticulated objects from casually captured RGBD videos. Our
problem setting is more practical than prior works, bring-
ing new challenges to current methods. We then developed
iTACO: a coarse-to-fine framework for this problem. To
evaluate our method, we collected a new dataset that con-
tains 20× more objects than previous benchmarks. Our
experiments show our method outperforms baselines, pro-
viding a practical and robust approach to acquiring digital
twins of articulated objects. Nonetheless, there is still space
for improvement. Better dynamic scene understanding ap-
proaches and video segmentation models can help improve
our method. In addition, our pipeline does not reconstruct
the interior of the object. Reconstructing the interior of the
object is an interesting direction for future work.
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