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Fig. 1. We introduce CurveFusion, a method to reconstruct objects made of thin filament-like structures from an RGBD sequence by fusing information from
noisy depth scans and loosely using RGB information for verification only.

We introduce CurveFusion, the first approach for high quality scanning
of thin structures at interactive rates using a handheld RGBD camera. Thin
filament-like structures are mathematically just 1D curves embedded in R3,
and integration-based reconstruction works best when depth sequences
(from the thin structure parts) are fused using the object’s (unknown) curve
skeleton. Thus, using the complementary but noisy color and depth channels,
CurveFusion first automatically identifies point samples on potential thin
structures and groups them into bundles, each being a group of a fixed num-
ber of aligned consecutive frames. Then, the algorithm extracts per-bundle
skeleton curves using L1 axes, and aligns and iteratively merges the L1 seg-
ments from all the bundles to form the final complete curve skeleton. Thus,
unlike previous methods, reconstruction happens via integration along a
data-dependent fusion primitive, i.e., the extracted curve skeleton. We exten-
sively evaluate CurveFusion on a range of challenging examples, different
scanner and calibration settings, and present high fidelity thin structure
reconstructions previously just not possible from raw RGBD sequences.

CCS Concepts: • Computing methodologies → Parametric curve and
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1 INTRODUCTION
The past few years have seen significant research progress in the
context of scanning of large-scale 3D environments. With easy
access to commodity depth cameras producing real-time feeds of
RGBD sequences, themost successful approach aligns and integrates
many such low-quality input frames and extracts a fused surface.
Well-known examples include KinectFusion [Newcombe et al. 2011],
BundleFusion [Dai et al. 2017], etc.

The above family of methods implicitly assumes that the scanned
environments consist of volumetric objects with closed or extended
boundary surfaces. Hence, multiple depth scans, once aligned, can be
effectively integrated using a (truncated) signed distance field (TSDF)
representation [Curless and Levoy 1996] discretized on a pre-defined
voxel grid, and a surface is extracted using Marching Cubes or its
variants.

Such volumetric fusion approaches simply fail to capture objects
or object parts primarily consisting of thin or filamentary structures
(e.g., features less than 4 mm in diameter). Figure 2 shows typical
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Fig. 2. For the model in Figure 1, voxel based fusion methods fail to recover
the thin structure: results shown using VolumeFusion [Curless and Levoy
1996], KinectFusion [Newcombe et al. 2011], and BundleFusion [Dai et al.
2017]. We show an RGB frame for reference, curves extracted from RGB,
and the e�ect of extracting the L1 axis from the aligned depth data of the
whole RGBD sequence, which yields poor reconstruction.

results of a scanning session using di�erent fusion approaches: vol-
umetric TSDF [Curless and Levoy 1996], KinectFusion [Newcombe
et al. 2011], and BundleFusion [Dai et al. 2017]. The thin parts are
either noisy or completely missed in the fused output.

Speci�cally, capturing thin structures by `fusing' several RGBD
frames is challenging for multiple reasons: (i) An RGBD camera's
depth data is noisy and of limited spatial resolution � parts of thin
structures are regularly missed, or captured at incorrect depths in
the raw depth images [Teichman et al. 2013], and there is no con-
nectivity information among the few detected points. Combining
aligned depth images from multiple viewpoints can only partially re-
cover thin structure data already missed in individual input frames.
Further, the inevitable camera drift is particularly detrimental when
trying to align thin structure data. (ii) A depth camera's RGB chan-
nel often provides complementary information at higher pixel res-
olution. Unfortunately, RGB images of thin structures are equally
challenging to detect and segment since it is very di�cult to distin-
guish curve edges from texture/background edges (see Figure 2b).
(iii) Moreover, despite the considerable success of existing works on
image segmentation [Cao et al. 2017; Fu et al. 2017; Pan et al. 2017],
it remains a challenge to segment noisy and partially missing depth
images containing thin structures. Therefore, attempts to recover
3D thin structures, e.g., by lifting 2D curves from RGB images to 3D
thin structures using depth images, fail on two counts: �rst, many
incorrect edges are lifted, and unreliable or missing depth measure-
ments prohibit correct lifting. Second, existing methods that use the
color channel to upsample the pixel resolution of the depth channel,
e.g., through joint �ltering [Kopf et al. 2007; Richardt et al. 2012]
or shading-based re�nement [Wu et al. 2014], cannot recover raw

thin structure depth measurements that are missing or inaccurate to
start with. (iii) Previously used predetermined fusion data structures
(e.g., a regular TSDF voxel grid), being oblivious of the object being
scanned, are unsuited for thin scene structures. In this work, we
show that central skeletons can be used asadaptivefusion primitives
to encode connectivity and geometry, and therefore can represent
thin structures more accurately and more compactly, which greatly
simpli�es structural completion of missing parts.

We therefore proposeCurveFusion, a reconstruction approach
for thin structures with a handheld commodity RGBD camera. In-
stead of using a pre-authored fusion primitive, such as a voxel grid,
CurveFusion uses the curve skeleton as a new, data-dependent
fusion primitive.CurveFusion �rst identi�es and segments depth
samples that come from thin-structures in each frame using both
depth and color information. Algorithmically, to address the issue
that each single raw depth frame is noisy and incomplete, we par-
tition the input frame sequence intobundles, each being a group
of a �xed number of consecutive frames. We further consolidate
the segmented point samples from the mutually-aligned frames of
the same bundle into a point set, called thebundle di�erence set. For
each bundle we extract the central skeleton curve of this merged
point set by computing its L1 axis [Huang et al. 2013] and explicitly
detect junctions, i.e. where three or more curve segments meet.

Given many such L1 curve fragments along with identi�ed junc-
tions extracted from di�erent bundles, we propose a novel curve
alignment algorithm to fuse them into the �nal 3D skeleton curves
with minimal drift. We retain the junctions through this fusion
stage. The extracted 3D skeleton is then used to recover the �nal
3D surface of the scanned thin structure (see Figure 1).

We evaluatedCurveFusion on a range of RGBD scans of real thin
structured objects under various scanning setups and demonstrate
high-quality reconstructions. We compare our method to compet-
ing image-based methods, which either require signi�cantly more
controlled imaging setups or start to degrade in complex examples
even when assuming access to clean background subtracted inputs.
Please note that state-of-the-art voxel-based fusion methods sim-
ply fail to produce any relevant output for most of the examples
shown in this paper. In summary, we (i) develop the �rst method for
performing high-quality 3D curve reconstruction using commodity
RGBD cameras; (ii) propose a data-adaptive fusion approach that
�rst discovers a suitable skeleton directly from the data and then use
it for reconstruction; and (iii) present high-quality reconstructions
of thin structures previously not possible from raw RGBD sequences.
Code and data forCurveFusionare available from the project page.

2 RELATED WORK
Our work is related to depth-based reconstruction techniques as
well as methods of reconstructing thin structures.
Depth based reconstruction. The many recent advances in 3D
acquisition technology (e.g., structured light, LiDAR, and more
recently commodity depth sensors) spawned an increasing num-
ber of related works on digitization of the physical world from
depth measurements. Since many depth sensors output 3D points,
earlier approaches propose to merge these measurements to pro-
duce an aligned set of points [Rusinkiewicz et al. 2002; Weise et al.
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