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Abstract
To more accurately measure the shape differences between two models, we pro-
pose a model similarity calculation method based on particle swarm optimiza-
tion. By utilizing the number of edges comprising each face to construct a
face similarity matrix, the particle swarm algorithm is employed to search this
matrix and obtain an optimal face matching sequence between the two models.
Corresponding face similarity values are then extracted from the face similarity
matrix based on this optimal sequence. The overall similarity between models
is computed through the accumulation of similarities between individual faces,
which serves as the foundation for measuring inter-model differences. Experi-
mental results demonstrate that the proposed method can accurately measure
the similarity degree between two models.
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Abstract: To accurately measure shape differences between two models, this
paper proposes a model similarity calculation method based on particle swarm
optimization. The method constructs a face similarity matrix using the number
of edges comprising each face, then searches this matrix using a particle swarm
algorithm to obtain an optimal face matching sequence between the two models.
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Based on this optimal sequence, corresponding face similarity values are ex-
tracted from the matrix, and the overall similarity between models is computed
by accumulating similarities between individual faces, thereby providing a met-
ric for shape differences. Experimental results demonstrate that the proposed
method can accurately evaluate the similarity between two models.
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matching sequence
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0 Introduction
Model similarity calculation plays a crucial role in 3D CAD model retrieval,
directly affecting both efficiency and reliability. Liu Zhi obtained optimal view-
point sets for 3D models to render hybrid silhouette views, extracting Gabor
edge response features to build a feature library from which similar models were
retrieved using a bag-of-visual-words approach [?]. Fan Jing employed multi-
level local views for compositional description of tree models, using semantic
information associated with each view to transform view features and enable
coarse-to-fine multi-stage retrieval [?]. Zhuang Ting constructed a distance-
cosine two-dimensional grid, building a distance-cosine joint shape distribution
matrix for 3D models by counting random points in the grid, using L2 distance
between distribution matrices to represent model similarity and a binary parti-
cle swarm optimization algorithm to compute inter-model similarity [?]. Zhang
Kaixing converted the similarity evaluation problem between two freeform sur-
faces into one between their local features, extracting SIFT-like operators from
curvature cloud maps generated in the parametric domain to assess freeform sur-
face similarity by comparing local feature similarity [?]. Bai Jing unified various
nonlinear features as attribute graphs, employing a nonlinear agglomerative hi-
erarchical clustering algorithm for attribute graph clustering while introducing
an incremental dynamic classification method to effectively cluster reusable re-
gions in 3D CAD models [?]. Qin Feiwei utilized hierarchical feature ontologies
and ontology mapping to generate semantic descriptors, performing ontology-
based reasoning to achieve better retrieval performance [?]. Kim Hyungki pre-
sented a freehand sketch-based modeling approach, using shape distribution to
compare multi-resolution models and simple shape query models to improve
retrieval accuracy [?]. Chen Qiang proposed three combined feature descrip-
tors and a class-based feature descriptor for model retrieval [?]. Tao Songqiao
segmented face adjacency graphs into convex, concave, and planar regions, rep-
resenting face regions through region attribute encoding and measuring model
similarity by comparing these encodings [?]. Jin Yao derived a 3D version of
stretch deformation energy, extending surface parameterization to volume pa-
rameterization with fixed boundary conditions to achieve stretch minimization
[?]. Huangfu Zhongmin extracted geometric and topological attributes from
B-Rep representations, using attribute adjacency graphs to represent 3D CAD
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models and graph spectra to describe local features, implementing model re-
trieval through a two-layer search mechanism [?]. Chen Long utilized topologi-
cal information between elements to generate multiple zero-genus quadrilateral
subdomains, achieving subdomain parameterization through boundary interpo-
lation and interior point optimization algorithms [?]. Pan Wanbin propagated
shape and positioning information from simple local regions to reusable regions
based on correspondence between regions and three-dimensional dimension con-
straint graphs [?].

This paper constructs a face similarity matrix between source and target mod-
els based on differences in the number of edges comprising each face. Using
this matrix, a particle swarm algorithm searches for the optimal face matching
sequence between the source and target models, which then serves as the basis
for calculating inter-model similarity.

1 Face Similarity Calculation Between Source and Target
Models
Models are composed of multiple faces, and shape differences between these
constituent faces lead to tremendous variation in overall model shape. When
calculating similarity between source model A and target model B, we accumu-
late similarities between their individual faces. If the difference in edge counts
between corresponding faces is small, the models exhibit high similarity; if the
difference is large, similarity is low. The source model A and target model B
are illustrated in [Figure 1: see original paper].

The similarity 𝑆(𝑢𝑖, 𝑣𝑗) between source model face 𝑢𝑖 and target model face 𝑣𝑗
is calculated using:

𝑆(𝑢𝑖, 𝑣𝑗) = 1 − |𝑛𝑢𝑚(𝑢𝑖) − 𝑛𝑢𝑚(𝑣𝑗)|
max(𝑛𝑢𝑚(𝑢𝑖), 𝑛𝑢𝑚(𝑣𝑗))

where 𝑛𝑢𝑚(𝑓) denotes the number of edges comprising face 𝑓 , and max(𝑥, 𝑦)
represents the maximum of 𝑥 and 𝑦. As shown in the formula, smaller differ-
ences in edge counts between two faces indicate greater shape similarity. Using
𝑆(𝑢𝑖, 𝑣𝑗), we construct the face similarity matrix 𝑆𝐴𝐵 between source model A
and target model B, where 𝑚 represents the number of faces in the source model
and 𝑛 represents the number of faces in the target model. If 𝑚 > 𝑛, we swap
the source and target models to ensure the matrix rows are always less than or
equal to the columns.

The face similarity matrix is structured as follows, where source model face in-
dices 𝑢1, 𝑢2, … , 𝑢𝑚 serve as row labels and target model face indices 𝑣1, 𝑣2, … , 𝑣𝑛
serve as column labels. The element at row 𝑢𝑖 and column 𝑣𝑗 in matrix 𝑆𝐴𝐵 rep-
resents the similarity 𝑆(𝑢𝑖, 𝑣𝑗) between source model face 𝑢𝑖 and target model
face 𝑣𝑗.
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Source model A comprises seven faces: 𝑢1, 𝑢2, 𝑢3, 𝑢4, 𝑢5, 𝑢6, and 𝑢7. Face 𝑢1 is
adjacent to faces 𝑢2, 𝑢5, 𝑢6, and 𝑢7; face 𝑢2 is adjacent to 𝑢1, 𝑢3, 𝑢6, and 𝑢7; face
𝑢3 is adjacent to 𝑢2, 𝑢4, 𝑢6, and 𝑢7; face 𝑢4 is adjacent to 𝑢3, 𝑢5, 𝑢6, and 𝑢7; face
𝑢5 is adjacent to 𝑢1, 𝑢4, 𝑢6, and 𝑢7; face 𝑢6 is adjacent to 𝑢1, 𝑢2, 𝑢3, 𝑢4, and 𝑢5;
and face 𝑢7 is adjacent to 𝑢1, 𝑢2, 𝑢3, 𝑢4, and 𝑢5. Since face 𝑢1 has four adjacent
faces, it has four edges. Similarly, faces 𝑢2, 𝑢3, 𝑢4, and 𝑢5 each have four edges,
while faces 𝑢6 and 𝑢7 each have five edges.

Target model B also comprises seven faces: 𝑣1, 𝑣2, 𝑣3, 𝑣4, 𝑣5, 𝑣6, and 𝑣7. Faces
𝑣1 through 𝑣5 are quadrilaterals with four edges each, while faces 𝑣6 and 𝑣7 are
pentagons with five edges each.

The face similarity matrix 𝑆𝐴𝐵 between source model A and target model B is:

𝑆𝐴𝐵 =
⎡
⎢⎢
⎣

𝑆(𝑢1, 𝑣1) 𝑆(𝑢1, 𝑣2) ⋯ 𝑆(𝑢1, 𝑣𝑛)
𝑆(𝑢2, 𝑣1) 𝑆(𝑢2, 𝑣2) ⋯ 𝑆(𝑢2, 𝑣𝑛)

⋮ ⋮ ⋱ ⋮
𝑆(𝑢𝑚, 𝑣1) 𝑆(𝑢𝑚, 𝑣2) ⋯ 𝑆(𝑢𝑚, 𝑣𝑛)

⎤
⎥⎥
⎦

In the specific case of source model A and target model B, the matrix becomes:

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎣

1 0.8 0.8 0.8 0.8 0.8 0.8
0.8 1 0.8 0.8 0.8 0.8 0.8
0.8 0.8 1 0.8 0.8 0.8 0.8
0.8 0.8 0.8 1 0.8 0.8 0.8
0.8 0.8 0.8 0.8 1 0.8 0.8
1 1 1 1 1 1 0.8
1 1 1 1 1 0.8 1

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎦

For example, in source model A, face 𝑢1 is adjacent to faces 𝑢2, 𝑢5, 𝑢6, and 𝑢7,
while in target model B, face 𝑣1 is adjacent to faces 𝑣2, 𝑣5, 𝑣6, and 𝑣7. According
to formula (1), the value at row 𝑢1, column 𝑣1 in the similarity matrix is 1.
Similarly, since face 𝑣7 in target model B is adjacent to faces 𝑣1, 𝑣2, 𝑣3, 𝑣4, and
𝑣5, the value at row 𝑢1, column 𝑣7 is 0.8.

2 Model Face Matching Based on Particle Swarm Algo-
rithm
Greater similarity between constituent faces of two models yields higher overall
model similarity. For any pair of models, multiple correspondence schemes exist
between their faces. This paper employs a particle swarm algorithm to search
the face similarity matrix for the optimal face matching sequence, which is then
used to calculate inter-model similarity.

During the particle swarm search process, we define a 𝑑-dimensional search space
with population size 𝑝. Let 𝑥𝑡 denote the position of the 𝑡-th particle—a vector
of column indices found in the similarity matrix—and 𝑣𝑡 denote its velocity. In

chinarxiv.org/items/chinaxiv-201805.00347 Machine Translation

https://chinarxiv.org/items/chinaxiv-201805.00347


the 𝑘-th iteration, 𝑃 𝑘
𝑏𝑒𝑠𝑡,𝑡 represents the individual best position of particle 𝑡

with fitness value 𝑓𝑃𝑏𝑒𝑠𝑡,𝑡, while 𝐺𝑘
𝑏𝑒𝑠𝑡 represents the global best position with

fitness value 𝑓𝐺𝑏𝑒𝑠𝑡.

Velocity and position updates follow equations (2) and (3):

𝑣𝑘+1
𝑡 = 𝑤 ⋅ 𝑣𝑘

𝑡 + 𝑐1 ⋅ 𝑟1 ⋅ (𝑃 𝑘
𝑏𝑒𝑠𝑡,𝑡 − 𝑥𝑘

𝑡 ) + 𝑐2 ⋅ 𝑟2 ⋅ (𝐺𝑘
𝑏𝑒𝑠𝑡 − 𝑥𝑘

𝑡 )

𝑥𝑘+1
𝑡 = 𝑥𝑘

𝑡 + 𝑣𝑘+1
𝑡

where 𝑘 is the current iteration number, 𝑤 is the inertia weight, 𝑐1 and 𝑐2 are
learning factors, and 𝑟1 and 𝑟2 are random numbers in [0, 1].
To guide particles toward optimal positions, each particle is assigned a fit-
ness value. The position vector found by particle 𝑡 in matrix 𝑆𝐴𝐵 is 𝑥𝑡 =
(𝑗(1), 𝑗(2), … , 𝑗(𝑚)), where 𝑗(𝑖) indicates the target face matched with the 𝑖-th
face of source model A (𝑖 = 1, 2, … , 𝑚). The fitness function for particle 𝑡 is
calculated using equation (4):

𝑓(𝑡) =
𝑚

∑
𝑖=1

𝑆[𝑖, 𝑗(𝑖)]

where 𝑆[𝑖, 𝑗(𝑖)] is the element at row 𝑖, column 𝑗(𝑖) in matrix 𝑆𝐴𝐵.

The particle swarm-based face matching process proceeds as follows:

a) Construct the face similarity matrix 𝑆𝐴𝐵 between source model A and
target model B using equation (1).

b) Initialize population size 𝑝, inertia weight 𝑤, iteration count 𝑠, and learn-
ing factors 𝑐1, 𝑐2. Initialize particle positions 𝑥𝑡 and velocities 𝑣𝑡 (𝑡 =
1, 2, … , 𝑛). Set current iteration 𝑘 = 0.

c) Calculate fitness values 𝑓(𝑡) for each particle using equation (4).

d) If 𝑘 > 𝑠, terminate the algorithm and output 𝐺𝑏𝑒𝑠𝑡; otherwise, proceed to
step e).

e) If 𝑓(𝑡) < 𝑓𝑃𝑏𝑒𝑠𝑡,𝑡, update 𝑓𝑃𝑏𝑒𝑠𝑡,𝑡 = 𝑓(𝑡) and 𝑃 𝑘
𝑏𝑒𝑠𝑡,𝑡 = 𝑥𝑘

𝑡 .

f) If 𝑓𝑃𝑏𝑒𝑠𝑡,𝑡 < 𝑓𝐺𝑏𝑒𝑠𝑡, update 𝑓𝐺𝑏𝑒𝑠𝑡 = 𝑓𝑃𝑏𝑒𝑠𝑡,𝑡 and 𝐺𝑘
𝑏𝑒𝑠𝑡 = 𝑃 𝑘

𝑏𝑒𝑠𝑡,𝑡.

g) Update velocity 𝑣𝑘+1
𝑡 and position 𝑥𝑘+1

𝑡 for each particle using equations
(2) and (3).

h) Increment 𝑘 = 𝑘 + 1 and return to step d).
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The particle swarm algorithm searches the model face similarity matrix
𝑆𝐴𝐵 for the optimal matching sequence, yielding the optimal position so-
lution vector (𝑗(1), 𝑗(2), … , 𝑗(𝑚)). This vector indicates that the optimal
face matching sequence between source model A and target model B is
(1, 𝑗(1)), (2, 𝑗(2)), … , (𝑚, 𝑗(𝑚)).
Based on this optimal sequence, corresponding elements are extracted from 𝑆𝐴𝐵,
and the overall similarity 𝑆𝑚𝑜𝑑(𝐴, 𝐵) between models A and B is obtained by
accumulating face-level similarities, as calculated using equation (5):

𝑆𝑚𝑜𝑑(𝐴, 𝐵) = ∑𝑚
𝑖=1 𝑆[𝑖, 𝑗(𝑖)]
min(𝑚, 𝑛)

where (𝑖, 𝑗(𝑖)) represents the 𝑖-th pair in the optimal face matching sequence,
and min(𝑚, 𝑛) is the smaller of 𝑚 and 𝑛.

3 Experiments
The particle swarm algorithm was implemented in MATLAB on a Windows 7
system with an i5 processor. Three CAD models were selected for the experi-
ments, with target and source models shown in [Figure 2: see original paper].
The target model is a quadrilateral pyramid; source model A is a quadrilat-
eral pyramid; source model B is a triangular prism; and source model C is a
truncated cone with through holes.

The target model comprises five faces: 𝑣1, 𝑣2, 𝑣3, 𝑣4, and 𝑣5. Face 𝑣1 is adjacent
to faces 𝑣2, 𝑣4, and 𝑣5; face 𝑣2 is adjacent to 𝑣1, 𝑣3, and 𝑣5; face 𝑣3 is adjacent
to 𝑣2, 𝑣4, and 𝑣5; face 𝑣4 is adjacent to 𝑣1, 𝑣3, and 𝑣5; and face 𝑣5 is adjacent to
𝑣1, 𝑣2, 𝑣3, and 𝑣4. With three adjacent faces, face 𝑣1 has three edges. Similarly,
faces 𝑣2, 𝑣3, and 𝑣4 each have three edges, while face 𝑣5 has four edges.

Using source model A as an example, the particle swarm algorithm searches
for the optimal face matching sequence between source model A and the target
model. Source model A consists of five faces: 𝑢1, 𝑢2, 𝑢3, 𝑢4, and 𝑢5, where faces
𝑢1 through 𝑢4 are triangles with three edges each, and face 𝑢5 is a quadrilateral
with four edges.

Using equation (1), we construct the face similarity matrix between source model
A and the target model:

⎡
⎢
⎢
⎢
⎣

1 0.75 0.75 0.75 0.75
0.75 1 0.75 0.75 0.75
0.75 0.75 1 0.75 0.75
0.75 0.75 0.75 1 0.75

1 1 1 1 1

⎤
⎥
⎥
⎥
⎦
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For instance, in source model A, face 𝑢1 is adjacent to faces 𝑢2, 𝑢4, and 𝑢5, while
in the target model, face 𝑣1 is adjacent to faces 𝑣2, 𝑣4, and 𝑣5. According to
equation (1), the value at row 𝑢1, column 𝑣1 is 1. In the target model, face 𝑣5
is adjacent to faces 𝑣1, 𝑣2, 𝑣3, and 𝑣4, making the value at row 𝑢1, column 𝑣5
equal to 0.75.

Using this similarity matrix, the particle swarm algorithm searches for the op-
timal face matching sequence between source model A and the target model,
yielding the optimal sequence: (1, 3), (2, 2), (3, 1), (4, 4), (5, 5). The overall simi-
larity between source model A and the target model, calculated using equation
(5), is 1.

To validate the proposed method, two comparison experiments were conducted.
In these experiments, equation (1) was used to construct face similarity matrices
between source and target models. Both greedy and particle swarm algorithms
were employed to search for optimal face matching sequences, from which face
similarities were extracted and overall model similarity was computed using
equation (5).

The similarity results between the target model and source models A, B, and C
are presented in .

Table 1 Similarity Between Source Models and Target Model

Source
Model

Face
Count

Edge
Count

Vertex
Count

Greedy
Algorithm

Particle Swarm
Algorithm

Source A 5 16 10 1 1
Source B 5 15 9 0.9 0.9
Source C 6 18 12 0.75 0.8125

Visually, source model A is identical to the target model, yielding a similarity
value of 1. Source model B shows considerable similarity with a value of 0.9.
Source model C exhibits moderate similarity with a value of 0.8125.

The results indicate that for source model A (identical to the target model)
and source model B, both algorithms produce identical results. However, for
source model C—a critical case—the particle swarm algorithm achieves a higher
similarity value (0.8125) than the greedy algorithm (0.75), representing an 8.33%
improvement. This demonstrates that the proposed method more accurately
measures similarity between models compared to the greedy approach.

In terms of computational complexity, the greedy algorithm has time complex-
ity 𝑂(𝑚𝑛) for searching the face similarity matrix, while the particle swarm
algorithm has complexity 𝑂(𝑝𝑠𝑚𝑛). Although the particle swarm approach is
more computationally expensive, it delivers superior performance in measuring
model similarity.
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4 Conclusion
This paper constructs a face similarity matrix based on differences in face edge
counts and employs a particle swarm algorithm to search for optimal face match-
ing sequences between source and target models. By accumulating similarities
between matched faces, the method effectively measures overall model similarity.
Experimental results demonstrate that the particle swarm algorithm successfully
achieves accurate face matching between models and provides precise metrics
for shape differences.
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