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ABSTRACT

Reassembling broken fractures back to their original
shape remains a complex challenge. While prior research has
demonstrated impressive results in domain-specific assembly,
these methods largely depend on human-designed structural
priors or struggle with assembling diverse shapes. To tackle
this issue, we introduce a new fracture assembly framework
based on segmentation and iterative registration, so-called
FRASIER. By finding broken regions of fractures by segmen-
tation, FRASTER dramatically increases overlap region ratios
between fractures, which allows us to align fractures by reg-
istration. In addition, we employ point cloud XOR and beam
search to make our framework robust. Experiments demon-
strate that FRASIER outperforms state-of-the-art methods.
Project page: https://frasier-assembly.github.io

Index Terms— fracture assembly, point cloud, segmen-
tation, registration

1. INTRODUCTION

Fracture assembly (or shape assembly) is a reassembly task
that pieces together the fragments of a broken object to restore
its original shape [1, 2]; a jigsaw puzzle or the reassembling
of broken skeletons or sculptures, for instance. Fracture as-
sembly has gained attention in computer vision and robotics
fields by virtue of its potential and usefulness across various
applications, such as heritage archiving [3] and artifact preser-
vation [4], and has remained a challenging task.

Fractures can be broadly classified into two types based
on their causes: semantic and physical fractures. Concretely,
one can decompose a given object into a set of segments ac-
cording to their semantic meaning [5, 6]. This semantic frac-
ture can be efficiently reassembled using both semantic and
geometric cues. On the other hand, one can apply physical
impacts on a given object, leading to more natural and di-
verse breaking patterns [4, 7, 8]. This physical fracture is
more challenging than semantic fractures due to diverse and
unexpected patterns and lack of semantic cues.

Let us imagine a scenario where we try to reassemble a
set of physically broken fragments. We may first look at a
set of broken fragments while picturing which fragments are
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Fig. 1: FRASIER iteratively assembles fractures into the original
shape, similar to how humans mend a fractured piece, thereby en-
hancing the robustness of our method.

geometrically adjacent at a high level. Then, we will choose
two fragments that seem to fit together well among the bro-
ken fragments, attempting to assemble them into a single frag-
ment by matching their adjacent sides. If it turns out that these
two fragments were originally one piece, we will treat them
as a single piece and proceed to select another fragment that
is adjacent to this newly unified piece. By repeating this pro-
cess, we can ultimately piece together the broken fragments
into a single whole. This series of processes corresponds to
an intuitive way that humans typically reassemble fractures.

Inspired by this intuitive way of humans, we aim to design
a new framework for fracture assembly (see Fig. 1). Specifi-
cally, we employ a point cloud registration that aligns two sets
of point clouds captured from different points of view [9, 10].
Nevertheless, it should be worth noticing that fracture assem-
bly differs from the conventional point cloud registration in
that broken fragments exhibit extreme conditions than scene
registration data having enough overlap regions. To alleviate
this gap, we present a fracture-specific registration approach
that finds broken areas of fractures and then aligns them ef-
fectively. Moreover, we introduce the concept of point cloud
XOR, which removes unnecessary points on broken regions
after registration. Overall, our framework, FRASIER, rec-
ognizes broken regions of each fracture by point cloud seg-
mentation, then iteratively aligns two feasible fractures by
point cloud registration along with beam search to find di-
verse paths with trial and error. We evaluate the effectiveness
of FRASIER on the Breaking Bad dataset [1]. Our framework
shows robustness on fracture assembly tasks, largely outper-
forming previous state-of-the-art methods. Additionally, we
thoroughly analyze each part of our framework to better un-
derstand its effect on the assembly outcome.
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2. RELATED WORK

Automatic Part Assembly. Motivated by the desire to re-
construct 3D objects automatically, numerous approaches
have been developed for the reassembly task. Some meth-
ods [11, 12, 13, 14] concentrate on semantic information from
fractures gleaned from fracture patterns to accurately place
fragments in their global positions. These approaches show
effectiveness for reconstructing categorical objects that have
commonly divisible parts, such as chairs, desks, and cars. In
contrast, other methods [15, 16, 4] focus on geometrically
divided fractures that exhibit randomness or lack semantic
cues. To address the irregularity of fragments, these meth-
ods employ reconstruction priors [16] or local feature match-
ing [15]. However, they still struggle with robustness when
dealing with complexly broken objects in diverse categories.
Our approach addresses this challenge by utilizing a power-
ful registration method, augmented by efficient point cloud
removal and searching methods.

Point Cloud Registration. Point cloud registration is the task
of aligning two point clouds that have a certain overlap, which
can be applied to determine the relative pose of neighboring
fractures. In the correspondence-based approach [9, 10, 17],
correspondences between points in the two point clouds are
first identified and serve as constraints that guide the align-
ment. With the advance of a data-driven approach, point fea-
tures are obtained through an ML algorithm [17], or corre-
spondence is directly obtained making the process end-to-end
[10, 9]. For the alignment of fractures, we employ GeoTrans-
former [10] due to powerful tolerance on rotation and robust
performance on low-overlap scenarios.

Point cloud segmentation. 3D point cloud segmentation can
be applied to various scenarios, where point clusters exhibit
shared intrinsic or semantic features. This versatility is en-
abled through permutation and translation invariance applied
to model architecture. PointNet [18] introduced permutation
invariance to manage irregular point formats via max pooling,
while subsequent models [19, 20] leveraged features from lo-
cal regions, akin to convolutional networks in 2D image pro-
cessing. Especially, PointNext [21] shows superior perfor-
mance and scalability which can serve as a semantic cue for
broken surfaces, so that our method can utilize the semantic
information even in complex fracture scenarios.

3. PROBLEM STATEMENT

Given a set of fractures 7 = {P; }, where P; denotes a point
cloud uniformly sampled on the surface of the i-th fracture,
fracture assembly aims to recover rotation R; € SO(3) and
translation t; € R? of P;, thereby reconstructing original ob-
ject shape. This problem can be considered a specific instance
of a 3D registration problem. In particular, if we can dis-
tinguish two adjacent fractures that share a common surface
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Fig. 2: Overview of FRASIER. Given fractures with its sampled
point, we perform robust part assembly by utilizing point cloud seg-
mentation, which allows us to alter the challenging part assembly
problem into the classical point cloud registration. We visualize the
point cloud as the shape for better understanding.

among JF, we can reformulate this assembly problem into a
set of registration problems in an iterative manner.

Let P; and P; be two fractures sharing a common surface,
then assembly of P; and P; can be a registration problem fo-
cusing on finding relative pose for potential correspondences:

argmin > [(Rp+t) —q||, 4))
Rt
(p,q)€C

where (p, q) indicates a potential correspondence between P;
and P; and C means the set of potential correspondences.
However, unlike conventional registration problems with a
certain overlap between point clouds, fractures have an ex-
tremely limited overlap, making this fracture assembly a non-
trivial task. Additionally, since the fractures are randomly
scattered, the connectivity between fractures remains uncer-
tain, requiring the identification of adjacent pairs. Moreover,
broken surfaces generally possess fewer unique features com-
pared to scene registration data [22, 9], leading to inaccurate
alignment of fractures.

4. METHOD

In this section, we present a new framework called FRASIER
that gets inspiration from the intuitive way of human behav-
ior for fracture assembly (see Fig. 2). Specifically, we first
classify points on the broken surface region of each fracture,
which allows us to focus on registration. We then iteratively
perform a pair-wise point cloud registration for broken points;
especially when we merge two fractures into a unified frac-
ture, we exclude points on adjacent regions. In addition, we
apply beam search within this fracture assembly framework
to be robust against our pair-wise registration strategy.
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4.1. Broken Point Segmentation and Registration

In the assembly process, broken regions often occupy a small
portion of the overall surface area. The low overlap condi-
tions pose difficulties for conventional registration methods,
which are optimized for scenes with a substantial overlap ra-
tio, ranging from 10-30% [9] to 30+% [22]. To address this
issue, pinpointing these broken areas can assist in more ac-
curate registration by eliminating unnecessary regions. For
this purpose, we employ a point cloud segmentation to distin-
guish broken and unbroken regions of fractures. Specifically,
we use Pointnext [21] for point cloud segmentation due to
its ability to capture tiny local details as well as large-scale
structures using multi-scale features. Based on Pointnext, we
identify P of each fracture into broken segments P° and non-
broken one P™, where P=P°® U P™. We perform this broken
point segmentation for every fracture before registration.
After individually segmenting the broken point of frac-
tures, our next step is to find the relative pose among adjacent
fractures. To this end, we employ a correspondence-based
registration method based on Geotransformer [10], which
shows robustness in low-overlap scenarios and is tolerant to
rigid transformations. We first identify correspondences of
fractures via Geotransformer, then apply the RANSAC [23]
to filter out outliers. Subsequently, we determine rotation and
translation using Singular Value Decomposition(SVD) and
further refine them via Iterative Closest Point (ICP) [24].

4.2. Point cloud XOR

After registration, it is essential to combine the identified cor-
rect pairs of fragments. In our context, point clouds must be
merged. The most basic approach is union operation on point
cloud sets. However, union operation enlarges the size of the
point cloud as the iteration progresses, increasing computa-
tional costs on later registrations. One way to prevent this
is subsampling after the union, but this sacrifices registration
accuracy as the point cloud becomes coarser.

To solve this problem, we introduce the concept of point
cloud XOR. Point cloud XOR is a process of removing
aligned points within a distance less than the threshold. This
idea stems from the observation that broken regions over-
lap only once and therefore overlapped areas can be elim-
inated. This point cloud XOR scheme not only minimizes
computation cost but also optimizes the overlap ratio between
point clouds. Note that overlapped points belong to the bro-
ken points P° where the unbroken points " have been pre-
removed from the point cloud segmentation.

4.3. Beam Search

Even though segmentation and XOR modules greatly im-
prove the overlap ratio between fractures, the registration re-
sults are not always accurate. Importantly, a single inaccurate

result can adversely affect the overall reconstruction in an it-
erative process. To prevent this, we use beam search for di-
verse pathfinding, as outlined in [4]. Beam search is a search
algorithm that explores a graph (align fractures) while main-
taining a set of the most promising partial solutions observed
so far. Algorithm details are explained below.

First, we choose n pairs of fractures, prioritizing those
with more points. For these n pairs, we use a registration
module to determine their relative poses. After identifying the
poses, we merge the fractures using point cloud XOR. From
the n - k results on pairs or n results at initial, select top &
instances where the most points are removed via point cloud
XOR. We iterate this process until a single object remains.

4.4. Implementation Detail

For the training segmentation model, we sparsely sample 50k
points from each surface of fractures, and label which are
classified as broken point cloud P° or non-broken point cloud
P™. During training, we used AdamW optimizer with cross-
entropy loss between estimation and ground truth. For evalu-
ation, we sample point cloud in proportion to the surface area
of each fracture.

For the training registration model, we densely sampled
points PP from the broken surface of fractures as input and
its corresponding C as labels. For inference, we use the esti-
mated broken point PP from the segmentation module.

For beam search, we set n = 6 and £k = 3. In other
words, we choose 6 pairs from fractures with the largest area
and evaluate 6 relative poses through the registration module.
Given 3 - 6 results or 6 results initially, we choose the top 3
results and discard the rest.

5. EXPERIMENT

Dataset. We utilized Breaking Bad dataset [1], a physi-
cally simulated fracture dataset composed of three categories.
Among three categories, we use art i fact category data for
training and artifact, everyday for evaluation.

Evaluation Metric. The metrics used for assessment include
Root Mean Square Error (RMSE) for rotations and transla-
tions, as well as Part Accuracy (PA). PA is the percentage of
parts perfectly positioned based on Chamfer Distance.

5.1. Evaluation

We evaluate the performance of Frasier in comparison to
four baseline methods in the context of 3D fracture assem-
bly tasks. All methods are trained on artifact category
data. Qualitative results depicted in Fig. 3 provide a gallery
of reconstruction from our framework and the baseline ap-
proaches. While other baselines struggle with simple frac-
tures, our method can reconstruct from complex fractures.
Quantitative results are presented in Table. 1. Our method
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Fig. 3: We provide qualitative comparisons of FRASTIER with Global [11, 12] , DGL [13], LSTM [14]. Compared to other methods, our
approach exhibits superior quality in both simple (bottom) and complex (top) fractures.

Method RMSE R) | | RMSE (T) | PA 1
degree x1072 %
Global [11, 12] 86.9 175 5.6
LSTM [14] 85.6 18.6 45
DGL [13] 86.3 18.0 9.6
Jigsaw [15] 524 222 45.6
Ours 15.4 5.53 83.4
Ours (unseen) | 23.8 | 7.30 | 74.5

Table 1: Quantitative comparison. FRASIER outperforms previ-
ous methods in RMSE (R), RMSE (T), and PA. Ours (unseen) refers
to results evaluated on unseen category data. Here, (R) and (T) de-
note rotation and translation, respectively.

significantly surpasses existing approaches, achieving a 30+
degree improvement in the RMSE(R) metric compared to Jig-
saw [15]. In addition, we include evaluation results for unseen
data in the final row of Table. 1. We evaluate on everyday
to assess generalization performance. Our method, when
tested on an unseen dataset, exhibits performance compara-
ble to evaluations using the same category for training. This
indicates our method is robust on distribution shift, which is
essential to real-world application. Note that the visualization
of Jigsaw [15] is excluded from Fig. 3 due to a lack of open-
source code and Table. 1 directly quotes the quantitative result
from Table.2 on [15].

5.2. Ablation study

We investigate the effect of individual modules on the quality
of reconstruction. Fig. 4 presents ablation studies for broken
point segmentation, point cloud XOR, and beam search. The
top-left image is the outcome when all components are omit-
ted, which is unsatisfactory as fractures often overlap with
the volume or float in the air. However, as three components
are added, the reconstruction becomes more realistic. Specifi-
cally, broken point segmentation and point cloud XOR greatly
enhance the assembly process by eliminating non-essential
points from fractures.

DPB

Registration Only w/ Seg w/ XOR w/ Beam

PHO®

w/ Seg & Beam w/ XOR & Beam w/ Seg & XOR Full pipe

Fig. 4: Ablation result from each module. We compare results
from simple registration to FRASIER by adding modules. Note that
“Beam” refers to beam search, “Seg” refers to point cloud segmen-
tation, and “XOR” refers to point cloud XOR.

6. CONCLUSION

In this paper, we present a novel framework that is inspired by
how humans go through the process of assembling. By lever-
aging point cloud segmentation and registration methods for
aligning, our framework can assemble complex fractures back
to their original shape. In addition, experimental results show
that point cloud XOR and beam search substantially improve
registration quality. Finally, FRASIER significantly outper-
forms state-of-the-art methods and demonstrates robustness
when evaluated on unseen data during training.
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