
Figure 10. The regularized MS of (a-c) a toy dinosaur model
(14, 050 points) and (d-f) a rocker arm (40, 177 points), data from
Cyberware. Both MS after regularization appear to be neat in
structure and are close to the object surface to capture fine details.
The tightly-coupled surface regions of the MS in (b,e) are suit-
able for further shape modelling and segmentation use.

MS [20]. The shock segregation [6] is then performed,
where the gap transforms reconstruct the object surface
and produce an initial MS , which typically contains very
noisy ‘spiky’ medial tabs, Figures 8a,b and 9a. We perform
the splice regularization—a greedy iteration of only splice
transforms to remove such small tabs (ordered by their as-
sociated number of generators) which greatly simplifies the
MS , Figures 8b-c and 9b-c. The coarse-scale MS is then
built by a connected component analysis. Finally, we apply
the greedy iteration considering all transforms on the MS
(the all-transform regularization), where all unstable tran-
sitions with costs less than a threshold are removed.

Two optional steps can be applied in the above process to
refine the MS: (i) Select the interior/exterior MS compo-
nent(s) by e.g., filtering the MS with a bounding box (Fig-
ure 8a-b) and picking the largest MS component. (ii) Reg-
ularize the rib curves in two ways: (a) Apply splice trans-
forms to remove MS elements with radius smaller than a
threshold (an idea related to the λ-MA [7]). (b) Smooth
the rib curves using discrete curve shortening: move each
rib vertex of high curvature toward the bisector of the two
neighboring vertices.

6. Experimental Results and Conclusion
We have extensively tested the proposed framework on

a large variety of 3D dataset, including artificial shapes to
simulate all transitions (Figures 2 and 8), general shapes
with salient structure and local details (bunny (Figure 7),
dragon (Figure 9), dinosaur (Figure 10a-c), pot fragments
(Figure 11)), shapes for industrial applications (fan disk
(Figure 4) and rocker arm (Figure 10e-f) from Cyberware),
and medical applications (hand (Figure 1), carpal bones

(a) (b) (c)
Figure 11. (a) Mapping theMS rib curves to the surface yields the
ridge points (in red, see also [17]). (b-c) The structural informa-
tion of theMS graph/hypergraph is useful in matching the ‘break
curves’ (ridges) in assembling archaeological pot sherds [36].

(a) (b)

(c) (d) (e)
Figure 12. The regularized MS of the carpal bones (hamates)
from several patients are similar in the structure, suggesting the
application in shape matching and shape-based diagnosis (data is
courtesy of Dr. Crisco, RI Hospital [23]).

(Figure 12)).
Our system handles up to 300k points of input (the bot-

tleneck is the large initial full MS limited by 2GB of com-
puter memory). The regularized MS is computed from
a few seconds to a few minutes. In comparing to exist-
ing Voronoi refinement results, ours exhibits three advan-
tages: (i) The MA is better regularized on both the bound-
ary and the interior topology, (ii) The MS (rib curves) are
closer to the object surface, indicating that our regulariza-
tion is better in capturing finer details, even in the case of
sparsely-sampled or ill-sampled inputs (for example see the
dinosaur’s hands in Figure 10a). (iii) All our results are ob-
tained from the sole assumption of unorganized points with
reasonable sampling (and nothing further). We can handle
shapes with boundary where there is no distinguishing be-
tween the interior/exterior MA.

Applications: The regularized MS is promising in sev-
eral shape modeling applications, due to its stability: (i)
Figure 11 shows an application to detect ridges as well as
match the rib curves and the interior structures of theMS to
match the shape fragments. (ii) The corresponding surface
regions of the medial sheets are made explicit (Figure 10b,e)
to capture the (volumetric) solid of the shape, which also
give an initial segmentation of it (which can be further re-
fined). (iii) The regularized MS is particularly useful in
skeleton-based shape matching [5]. Figure 12 shows a set of
carpal bones with variations while theirMS are still highly
similar in the structure, demonstrating the potential to ro-



bustly match/register 3D shapes. (iv) The regularized MS
also fits well in skeleton-based animation [37] and shape
morphing.

Conclusion: We have presented a framework of MS
transforms to stably regularize the MA across transitions
and propose a dual-scale representation to realize it in prac-
tice. Future works include deriving a better cost estimation
and a consistent way to update shape changes for the inte-
rior contract and merge transforms, so that the MS trans-
forms can fully model generic shape deformations.
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