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Abstract

Fully leveraging the semantic information inherent in shapes for high-level anal-
ysis and understanding of three-dimensional shapes is currently a popular re-
search topic. We propose a method that employs contextual semantic relation-
ships among shape parts for functional recognition, which addresses the problem
of automatic shape part recognition when significant variations occur in the ge-
ometric features and topological structures of 3D shapes. First, approximate
convex decomposition technique is adopted to segment three-dimensional shapes
into shape parts with independent semantics. Then, we propose a computa-
tional method based on contextual semantics of shape parts and utilize Support
Vector Machine to achieve automatic recognition of shape parts. Experimen-
tal results demonstrate that, compared with existing methods, our approach
achieves higher part matching accuracy and lower classification error rate.
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Abstract: Leveraging semantic information embedded in shapes for high-level
3D shape analysis and understanding is currently a hot research topic. This pa-
per proposes a function recognition method that utilizes the contextual seman-
tic relationships of shape parts to address the automatic recognition of shape
components when significant geometric and topological variations occur in 3D
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shapes. First, we employ approximate convexity decomposition to segment 3D
shapes into parts with independent semantics. Then, we propose a computa-
tional method for shape part context semantics and implement automatic part
recognition using Support Vector Machines. Experimental results demonstrate
that compared to existing methods, our approach achieves higher part matching
accuracy and lower classification error rates.

Keywords: contextual relationship; function recognition; 3D shapes; SVM

0 Introduction

Function knowledge, which describes the purpose of shapes, plays a pivotal role
in the high-level analysis and understanding of 3D shapes [1]. Consequently, 3D
shape function recognition has become a pressing research focus [2], with part-
based function recognition representing one of the primary solution approaches
[3]. Previous methods have achieved promising results by exploiting seman-
tic relationships between shape parts. For instance, reference [4] proposed a
part-aware similarity metric, while reference [5] introduced a connection-aware
shape descriptor to express functional semantics by analyzing local shape ra-
dius variations. Reference [6] developed a high-level signature method to cap-
ture functional information of parts. However, as the volume of shareable 3D
shapes grows exponentially, relying solely on semantic information compromises
function recognition accuracy. To address this limitation, integrating structural
information of parts becomes necessary for functional semantic extraction. Ref-
erence [7] introduced a novel pattern function transformation framework that
generates shape matching pairs by comparing pattern functions and obtains
compact function spaces based on each shape’ s embedding basis to perform
knowledge reasoning. Reference [8] constructed a component model that ef-
fectively handles shape models with similar appearances by describing human
cognition regarding structure, function, and part interrelationships. Reference
[9] proposed a recognition method based on sparse representation classification,
while reference [10] introduced a visual element classification method; both ap-
proaches learn semantics from 3D shape models but require large-scale training
datasets. Reference [11] developed a rule-based expert system to infer functional
semantics from acquired knowledge. Although these methods demonstrate good
recognition performance, their accuracy declines substantially when shape collec-
tions contain individuals with significant geometric and topological variations,
necessitating new approaches to improve functional semantic accuracy under
large-scale deformations.

This paper explores the structural characteristics and semantic relationships
of shape parts in depth and proposes a Contextual-Relationship-based shape
Function Recognition method (CIFR) to enhance recognition performance un-
der large-scale deformations. Our method addresses two core problems: (a) how
to decompose 3D shapes into component sets with independent semantics, and
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(b) how to quantitatively compute contextual semantic relationships between
parts. For the first problem, we propose a shape segmentation method based on
approximate convexity decomposition, which effectively identifies components
with independent semantics according to contour dissimilarity and boundary
attributes of convex blocks. Approximate convexity decomposition technology
provides a viable solution, and we employ it to achieve 3D shape part segmen-
tation. For the second problem, leveraging the stability of contextual semantic
relationships under large-scale deformations, we propose a semantic computa-
tion method based on part context relationships to mine potential semantic
information across different shape parts, thereby improving functional recogni-
tion accuracy through contextual information.

1 CIFR Method Overview

Let {5, S5, ...,S,} € 8 denote a set of 3D shapes. Each shape S; € § is decom-
posed into independent part sets {py,py, ..., P} € P, with {cy,¢9,...,¢,,} € C
representing functional category labels. The function recognition task retrieves
parts from test shape S, whose part p, shares the same functional category.
We decompose this problem into two sub-problems: (1) given a 3D shape, and
(2) for any two shape parts, how to quantitatively compute semantic similarity
between p;, and p; and apply it to an SVM classifier for functional category
recognition. Based on this, we propose the CIFR method, whose framework is
illustrated in [Figure 1: see original paper]. The CIFR method consists of three
main stages: shape segmentation, which divides 3D shapes into parts with in-
dependent semantics; semantic computation for the obtained shape parts; and
finally, SVM-based functional recognition of shape parts.

2.1 Shape Segmentation

Drawing upon human visual perception characteristics for complex shapes [12,
13], we decompose shapes based on minimum principles. The process involves
three key steps. First, we over-segment S; to obtain an approximate con-
vex block set and construct a shape convex graph from the extracted blocks,
using graph-based spectral clustering to acquire the initial block collection
B ={By,B,,...,B,}.

Second, we compute the convex rank R(B;) for each initial block B, € B using:

where VIS(B,;) represents the total number of mutually visible point pairs in B;,
ie., (i,j) € VIS(B;) with ¢« € B, and j € B;, and points ¢ and j are mutually
visible. Sorting R(B;) in descending order yields the weakly convex compo-
nent set D = {D,,D,,...,D,,}. Components with convex rank greater than
threshold o are merged with their adjacent component D, ;, where oo = 0.7. To
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integrate weakly convex components with similar visibility attributes, we repeat
this merging operation three times to obtain a new set 2 = {D;, Dy, ..., D,/ }.

Finally, we characterize geometric features of components using contour dis-
similarity and boundary attributes to merge weakly convex components with
similar geometric characteristics. Contour dissimilarity is computed using the
Earth Mover’ s Distance between weakly convex components:

dist(D;, D;) = EMD(h;, h;)
where h; and h; are histograms of the shape diameter function for D; and D,
respectively.

Boundary attributes are characterized by the convexity of seam lines:

g) Wy € Dj,w, € D 0(n,,mn,) < ()

VS ;i ={(wy,w
NS, ; ={(w,,w,) : w, € Dj,w, € D;,0(n,,n,) >m—(}

where V'S, ; and NS, ; represent convex and concave seam lines between D, and
D;, respectively, w), is a sampling point in D; with direction —n,, 0(n,,n,) is
the angle between n,, and n,, ¢ is the normal adjustment threshold, and Cy, is
the neighbor graph formed by seam lines.

Weakly convex components D; and D, are merged if they satisfy:

M >n and dist(Di,Dj) <o
VS, 5l

where n and ¢ are merging thresholds, yielding the independent part set .

2.2 Semantic Computation and Function Recognition

When significant geometric and topological changes occur in 3D shapes, the
contextual semantic relationships between shape parts remain relatively stable.
We leverage this property for functional classification. Let graph G(V, E) repre-
sent the 3D shape part relationship, where nodes V' correspond to shape parts
and edges F represent different types of relationships between nodes. Problem
2 transforms into: given relation graphs G, and G, for shapes S, and S, how
to quantitatively compute a graph kernel ¥ that measures functional semantic
similarity between shape parts, such that ¥ can compare subgraphs G;, € G,
and G| € G,.

Based on geometric features of 3D shapes and node context relationships, we
compute the graph kernel using:

oo}

VG, G)=Y > paps)

=0 p4€G,,pp€G,
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where the recursive function 1); is defined as:

‘IJN(pA7pB) B ZpseNcp(PA) \I}E(epApS7epo’s) ’ /(blfl(pSvp:S’) if1>0
Vi(pa,pPp) = PsENg, (PB)
Un(pa,rp) if =0

Here, [ is the path length, p, € G, pp € G, Ng(z) denotes all neighboring
nodes of z in graph G, and e and €’ are edges connecting p4 to pg and pp to pg,
respectively. W, is the node kernel reflecting geometric feature similarity be-
tween two parts, characterized by attributes including shape descriptors based
on Euler distance, shape dimensions based on unit spheres, and principal direc-
tion features based on PCA. W is the edge kernel representing the similarity
matrix of different node context relationships, where for any edges e, € E, and
e, € B, Vi(e, e,) = d(e, e,) with 6 being the Kronecker delta function (value
1if e, and e, share a context relationship, 0 otherwise).

The contextual semantic relationships between parts are summarized in , com-
prising basic and derived relationships. Basic relationships include containment,
symmetry, horizontal support, side contact, and adjacency. Derived relation-
ships consist of three semantic inference rules designed to capture potential
contextual semantic information based on basic relationships. In the table, p;
represents any part in G with ¢ € {1,2,3}.

Table 1: Node Contextual Relationships

Relationship Type Condition Expression

Containment If more than 50% EN(p;,py) =1
of p;” s bounding
box lies within p,’
s bounding box
Symmetry If p; and p, are SY (py,py) =1
rotationally,
translationally, or
reflectively
symmetric
Horizontal Support If p,” s contact HS(py,py) =1
surface is
perpendicular to
py’ s gravity vector
Side Contact If the normal of p;”  SC(p;,py) =1
s contact region is
perpendicular to
py’ s principal
symmetry axis
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Relationship Type Condition Expression

Adjacency If p, and p, share  AD(py,py) =1
common vertices
or their bounding
boxes overlap

Derived Relationships

Symmetry Transitivity If SY(py,pp) =1 Then SY (p;,ps) =1
and SY (py,p3) =1

Support Transitivity If HS(py,ps) =1 Then HS(py,p3) =1
and SY (py,p3) =1

Contact Transitivity If SC(py,ps) =1 Then SC(p;,ps3) =1
and SY (py,p3) =1

Given SVM’ s superior performance in controlling overfitting, computational
efficiency, and classification accuracy compared to many traditional methods
[14], we employ SVM to build a functional semantic classifier. During training,
we select ¥ as the kernel function to compute support vectors and optimal
parameters. In the testing phase, we first segment the test model to obtain
semantic parts, then identify functional categories of semantic parts using the
optimal parameter set.

3 Experiments and Analysis

The experimental dataset comprises the Princeton Shape Benchmark [15] and
the COSEG dataset [16], containing six categories: airplane, ant, chair, gob-
let, candelabrum, and bird. Sample shape models and functional categories are
shown in . Experiments were conducted on a 3GHz CPU with 3GB RAM using
Matlab R2010b. For each shape category, half of the dataset was randomly
selected as training set and the other half as test set. The normal adjustment
parameter ¢ was set to 0.057, and the weakly convex component merging thresh-
olds n and o were set to 0.8 and 0.15, respectively.

Table 2: Experimental Data

Category Functional Parts

Airplane fuselage, wing, tail

Ant antenna, head, body, leg

Chair chair leg, chair back, seat
Goblet cup body, stem, base
Candelabrum container, handle, flame, candle
Bird body, tail, wing

Since functional recognition relies on high-level semantics of shape categories,
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we validate functional recognition accuracy using classification error rate:

N,
E = —2— %100
rror; NN x 100%

where IV, is the number of incorrectly classified functional semantics and IV, is
the number of correctly classified ones. Ground-truth functional categories were
manually annotated for each shape. Lower error rates indicate higher functional
recognition accuracy.

[Figure 2: see original paper] compares the functional semantic error rates be-
tween our method and the semantic correspondence method GCFR [4]. The
results demonstrate that CIFR achieves lower classification error rates for every
shape category, primarily due to our proposed semantic computation method
based on part contextual relationships that enhances functional semantic clas-
sification accuracy.

To further validate recognition performance, we measure part matching accuracy.
For any shape category, we construct a manually annotated part correspondence
matrix M = [m;;] (i,j = 1... N), where N is the total number of parts in that
category. m,; = 1 if parts ¢ and j share the same functional category, and 0
otherwise. The average part matching accuracy for a shape category is defined

as: ‘ 1 quQ my,, - AC(p, q)
o(i) = ﬁp; max(AC(p, q))

where p and ¢ represent two shapes from any category. For part ¢ in shape p,
¢(i) identifies the part in shape ¢ with the same functional category as i, and
N, is the total number of parts in P. The value is 1 if all parts in p match
functional categories in ¢, and 0 if no parts are correctly classified. [Figure 3:
see original paper| shows the average part matching accuracy compared with
GCFR [4], demonstrating that CIFR achieves higher average matching accuracy
across different shape models.

4 Conclusion

The diversity of geometric features and topological structures across different 3D
shapes makes recognizing functionally similar parts with different appearances a
challenging problem. Semantic relationships between shape parts contain latent
structural information that provides valuable observations for statistical meth-
ods. Therefore, we formulate recognition as a prediction problem and propose a
shape function recognition method based on part contextual relationships. The
key innovations are: (1) a shape segmentation method based on approximate
convexity decomposition that effectively decomposes 3D shapes into multiple
part sets with different semantics; (2) a semantic computation method based
on part contextual relationships that constructs an SVM classifier using func-
tional semantic similarity as the kernel function to effectively predict functional
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semantics of different shape parts. Experimental results demonstrate that our
method achieves excellent recognition performance and high accuracy.
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