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Shape Modeling Method Based on Deep Learning

ZHANG Juan WANG Xi-Li YANG Jian-Gong

(School of Computer Science s Shaanxi Normal University, Xi’an 710119)

Abstract  Models of the object shape play an important role in many image applications such as
object detection, image segmentation and inpainting. Compared with the gray, texture, edge and
other low-level visual features of the image, shape as high-level visual feature helps to describe
the global visual information of an object better. Generally, the performance of algorithm will be
improved after global shape information (expressed by a good model) joined. In recent years,
deep learning models have attracted more and more attentions because of their excellent learning
ability on modeling data with intrinsic structure. Deep learning models contain multiple layers
and hidden perception units, which are used to simulate the cognitive mechanism of human brain.
They can extract multi-level data features and represent complicated data distributions. They

form high-level data abstract representation through combining the lower layer features. A deep
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learning model learning the representation and abstraction of multiple levels is more helpful to
make sense of data, such as shape images. In view of the complicated and changeable object
shape, we propose two kinds of shape models based on deep belief network and deep Boltzmann
machine, and the methods of two models constructing, training and shape generating in this
paper. Both of these two models are deep, hierarchical probabilistic models that make heavy use
of hidden units to modal high-order dependencies between the observed units, which can make
full use of low-level features and multi-layer high-level features of object shape to describe the
probability distribution of training set. They have the potential of learning internal representation
that become progressively complex at higher layers. The key feature of these two models is
greedy layer-by-layer training that can be repeated several times in order to find a good set of
modal parameters quickly, even for modal contains many layers and parameters. Thus they can
effectively model the shape, this kind of model not only can express the shape of the training set,
but also can generate shape that differ from samples in the training set. The shape change is
relatively large when the shape of the training set is multiple categories, the modal can also define
the multi-model distribution of the shape set. A deep learning model has strong ability of shape
expression and can be applied in many kinds of tasks such as shape generating, shape completion,
and denoising. We give some of the experimental results on the Weizmann Horse data set and
Caltech101 Silhouettes data set. The results show that compared with the restricted Boltzmann
machine model, the proposed two models based on deep learning can express the shape of training
set better. The samples generated from the deep models involving structure of multi-layer nonlinear
processing are more realistic, and the samples from the deep Boltzmann machine model are much
more clear than deep belief network model. Experimental results in the graphical shape and
similarity measure illustrate that deep learning model is fit for the training shape, and the model
has better generalization ability.

Keywords shape modeling; deep learning; restricted Boltzmann machine; deep belief network;
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Background

Models of the shape of an object play a crucial role in
many applications such as object detection, image segmentation
and inpainting. Compared with the gray, texture, edge and
other low-level visual features of the image, shape as high
level visual feature helps to describe the global visual
information of an object better. In general, the algorithm’s
performance will be improved after global shape information
(expressed by good model) joined. At present, there are
many methods to modeling 2-dimensional shape. The shape
expressed in marked point set is one of the easiest way. It is
based on marked point distribution model. But such repre-
sentation is too passive. The points need to mark manually
and it is error-prone. The most commonly used models are
Markov random fields or conditional random fields. In such
models, the pairwise potentials connecting neighboring pixels
impose very local constraints, thus they are unable to capture
more complex properties. Level set can also be used to represent
shape. In level set method, signed distance function is used
to represent shape. The shortcomings of this kind of method
is that during the curve evolution process, signed distance
function will oscillate, and then makes the final shape of the
curve evolution deviate from the real shape of the object’s

contour. In addition, this method cannot fit multi-modal
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distribution.

Recently, deep learning models have attracted more and
more attentions because of their excellent learning ability on
modeling data with intrinsic structure. Deep learning models
contain multiple levels and hidden perception units. They can
extract multi-level features and represent complicated data
distribution. They form high-level data abstract representation
through combining the lower layer features. In 2012, Eslami
et al. proposed a probabilistic model for the task of modeling
binary object shapes. However, due to the partial connection
between visible layer and hidden layer, the object shape will
appear seams when the model is used to generate shape. In
this paper, we propose two shape models based on deep
models to represent the complicated global shape features.
The samples generated from the deep models look more
realistic and completed, which indicate the proposed shape
models are effective in shape representing and generating.

This work is supported by the National Natural Science
Foundation of China under Grant Nos. 41171338, 41471280,
and 61401265. They are focus on object detection in high-
resolution remote sensing image. We will apply the proposed

shape models to object detection in further study.





