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Abstract

This paper proposes a hybrid model for deformable
template which combines alignable and non-alignable
sketches. These sketches are subject to slight or con-
siderable translations in different images. For slight
translations, Wu et al [13] proposed active basis model
to capture them, where each sketch is allowed to shift
in position and orientation. For larger translations of
sketches, [13] assumed that they follow the same distri-
bution as sketches of natural image ensembles, which
need not be explicitly modeled. But in fact, for a speci-
fied object class, the unaligned sketches follow a totally
different distribution from those of natural images. We
summarize these sketches by their means in the fore-
ground mask. We treat the mean value in each direction
as independent features and fit their marginal distribu-
tions on object ensemble and natural image ensemble
using Gaussian distribution. The marginal distributions
are combined with Active Basis into a joint probabil-
ity ratio to distinguish foreground object from natural
background. Experiments are conducted on 14 object
classes, most of which show considerable improvement
in ROC.

1. Introduction

Deformable template and sketch are both important
elements in object recognition[4, 7, 10]. Sketches were
chosen for object recognition because they are a very
simple and intuitive way to represent object information
[8, 11, 1]. Recently, Wu et al [13] proposed Active Ba-
sis model for deformable templates to share sketches,
where each sketch is allowed to shift in position and
orientation. For an image ensemble, the sketches are
subject to slight or considerable translations in different
images. In [13], the slight translations are handled by
shifting the maximum and shared across all images. For
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larger translations of sketches, [13] assumed that they
follow the same distribution as sketches of natural im-
age ensembles, which need not be explicitly modeled.
However, for specified object class, the non-alignable
sketches may indeed follow a totally different distribu-
tion from those of natural images[3, 9, 6, 5, 12]. We
try to model these sketches by collecting their means in
the foreground mask. We treat the mean value in each
direction as independent features and fit their marginal
distributions on object ensemble and natural image en-
semble as Gaussian distribution. The marginal distribu-
tions are combined with Active Basis into a joint proba-
bility ratio to distinguish foreground object from natural
background.

Based on the same theoretical framework of Active
Basis, this new model can be effortlessly combined with
the Active Basis model both in formulation and com-
putation. Compared with original Active Basis and its
variants, experiments show that this new model signif-
icantly improved the recognition performance and can
recognize objects with cluttered background.

2. Active Basis

Firstly, we give a brief introduction of Active Basis
model. In [13], Wu et al. developed an active sketch
algorithm which can learn object template with very in-
tuitive sketches from image patches of various object
categories. In their generative model, a deformable tem-
plate is in the form of active basis, which consists of a
small number of Gabor wavelet elements at different lo-
cations and orientations. These elements are allowed to
slightly perturb their locations and orientations before
they are linearly combined to generate each individual
training or testing example. The Active Basis model can
be learned from training image patches by the shared
pursuit algorithm. The algorithm selects the elements
of the active basis sequentially from a dictionary of Ga-
bor wavelets.









(a) Positive samples

(b) Negative samples

Figure 2. Distribution of oriented average gabor response, each cell for one orientation
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Figure 3. ROC and part of testing images together with generated sketches

Table 1. The AUC comparison of proposed model
and Active Basis model
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