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Abstract. Non-rigid 3D shape retrieval and descriptors has become an active and important research topic in content-
based 3D object. The aim of this paper is to compare and synthesize the performance of methods for non-rigid 3D shape
retrieval and descriptors. This paper reviews the application of non-rigid three-dimensional shape data retrieval and
description and obtains more detailed and valuable information on non-rigid three-dimensional shape data.
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INTRODUCTION

With the advent of the information age, 3D shapes as a kind of multimedia data have been widely used in
computer graphics and computer vision applications, such as multimedia games, medical diagnosis, industrial design,
and information retrieval. In the past few decades, a lot of efforts have been made on the analysis and retrieval of
texts and images, and good results have been achieved. However, because the characteristics of three-dimensional
shapes are very different from those of texts and images, these successful recognition and retrieval methods cannot
be directly applied to the shape analysis of three-dimensional models. Therefore, the analysis and understanding of
three-dimensional shapes is still a long-term research topic.

NON-RIGID THREE-DIMENSIONAL SHAPE DATA RETRIEVAL

Isometric change is one of the most typical non-rigid body deformations, it can change the shape of the surface
without tearing and stretching, which bring more difficulties to shape recognition. Therefore, how to realize the
invariable shape representation is a challenging subject for data retrieval [1-4]. One of the main goals of pattern
recognition and machine intelligence is the development of efficient methods for shape descriptions or the creation
of shape features, which in turn captures shape attributes. The identification and retrieval in the low-level feature
space is a basic problem and many methods have been proposed [4-11]. By studying previous work, we mainly
focused on two aspects of non-rigid three-dimensional shape retrieval, including search methods, shape
representations, of which the second is the basis, and the first one is to use additional information and retrieval
strategy-related features.

Non-rigid three-dimensional shape data retrieval is performed using spectral shape analysis methods. Reuter et al.
[12] used the eigenvalue sequence of the Palladian-Bertram meter operator (LBO) as an isometric invariant shape
descriptor for shape DNA. Levy et al. [13] pointed out that the Eigen function of the Palladian-Bertram metering
operator can be used to understand geometry by analyzing plates, which has led to many useful applications. Rustavi
[14] then used LBO eigenvalues and Eigen functions to create an interesting global point signature (GPS). Although
GPS is equidistant, when the eigenvalues are close to each other, it encounters the problem of Eigen function
switching [5]. The problem is handled well by the hot kernel correlation method.
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Thermonuclear-based local features are widely used to obtain non-rigid shapes. Sun et al. [5] proposed a typical
descriptor—hard Core Signature (HKS) and several interesting properties, including multi-scale, compact, robust,
and isometric variation. Bronstein et al. [4] extended HKS to a scale-invariant version (denoted as STHKS) for shape
retrieval. Although HKS and SIHKS can handle different shape transformations [4], their performance is not as ideal
as expected [1, 2]. Then, Aubrey et al. [7] proposed Wave Kernel Signature (WKS) from another perspective to
produce a more accurate match than HKS, and Fang et al. [15] designed a shape descriptor for temperature
descriptor (TD). For further research, many new techniques have been used to improve performance, such as
collaborative classification [2] and sparse representation [16].

Once the above-described point signature is formed, global shape descriptors can be learned from a set of
training shapes for shape retrieval. In [34] a word dictionary is learned by applying K-means clustering to a set of
HKS based on a feature package (BOF) paradigm and then a histogram of spatially compact word pairs on a
learning dictionary is formed as a retrieved shape Descriptors. Lavage [35] uses K-means clustering to combine
standard and spatial Bo descriptors for three-dimensional shape retrieval. Littman et al. [36] used a sparse coding to
learn the dictionary of words rather than K-means clustering, and a histogram of coding representation coefficients
on the learning dictionary was used to represent the shape for retrieval.

Based on the success of deep neural networks in different application fields, three-dimensional shape features
based on deep learning are proposed for three-dimensional shape analysis. Wu et al. [37] proposed to express the
three-dimensional shape as a probability distribution of two-dimensional variables on a three-dimensional voxel grid,
and then to establish a convolution depth belief network to learn the joint probability distribution of voxel data and
class labels. Biscayne et al. [38] use a window Fourier transform to point to a grid surface to form a local frequency
representation. By constructing geodesic convolution operators, Masco et al. [39] extended convolutional neural
networks to non-Euclidean manifolds for three-dimensional shape retrieval and matching.

One of the most popular solutions using iterative random walk propagation is that it has produced significant
results in several computer vision and graphics applications. In [8], the authors introduced a self-smoothing (SSO)
operator to improve the given similarity results, thereby significantly improving performance. Wang et al. [10]
proposed an extended method [8] called self-diffusion (SD) image segmentation and clustering. In [11], an up-to-
date method (expressed as DP) combines the advantages of different works using a local affinity matrix and K-
nearest neighbors, the window size affects the performance of the DP, limiting its practical application, with only
limited K value can maintain good performance.

NON-RIGID THREE-DIMENSIONAL SHAPE DATA DESCRIPTION

Shape matching and retrieved shape descriptors have been extensively studied in the geometrical world. In the
past few decades, a large number of shape descriptors have been proposed. These shape descriptors include D2
shape distributions [25], statistical moments of 3D models [26], Fourier descriptors [27], [28], light field descriptors
[29] and eigenvalue descriptors [30], etc. They are sensitive to non-rigid body transformations or topological
changes. In order to maintain the invariance of the isometric transformation, local geometric features are extracted to
represent shapes, but these features are sensitive to local geometric noise, and it does not represent the overall
structure of the shape well.

In addition to the above described shape descriptors, another popular shape-drawing method is to use diffusion-
based point signatures [31], [32], [33]. Based on the Laplace-Beltrami operator, a global point signature (GPS) [34]
was proposed to represent the shape. Since the Eigen function of the Laplace-Bertram operator can strongly
characterize the points on the surface of the mesh, each vertex is scaled by the Laplacian-Bertramite operator
estimated at the vertex. The high-dimensional vector (known as GPS) representation of the feature function. Another
widely used shape descriptor is the thermal core signature (HKS) [31], where the diagonal of the thermonuclear acts
as a local descriptor to represent the shape, HKS is not affected by equal deformation, and it is not sensitive to small
perturbations on the surface. Both GPS and HKS are point signatures and vectors are used to represent the vertices
on the mesh surface.

Global features based on intrinsic distance are another research point. Lead and Kimmel [17] introduced a
method of bending invariance using geodesic distance. Sheets et al. [18, 1] extended it by modal expression to have
better shape retrieval performance. Liu et al. [19] proposed a geodesic profile-driven tree skeleton extraction method
that is insensitive to surface noise and performs well in experiments. In the spectral embedding space, the diffusion
distance (DD) [20, 21] and the commuting time distance [22] are widely considered for shape analysis due to their
robustness. Mahmoud et al. [23] proposed using a fixed ratio of diffusion distances for point cloud shape retrieval.
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In [24], the diffusion distance is used for molecular shape retrieval. In [3], the diffusion distance and commuting
time distance for non-rigid shape retrieval are discussed, and then the diffusion distance scale space aggregation
method is introduced for further promotion.
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