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Image Features Matching Based on
Improved Patch Similarity Learning Framework

HUI Guo-Bao” TONG Yi-Fei” Li Dong-Bo”
D (Laboratory of Electronic Information Network . No. 20 Research Institute CETC, Xi’an 710068)
D (Department o f Mechanical Engineering , Nanjing University of Science and Technology, Nanjing 210094)

Abstract A learning framework of image patch similarity to learn low-dimensionality and high-
discriminative descriptor based on AdaBoost is proposed. In the framework, the representations
of image patches are modeled by non-linear weak learners which are trained by AdaBoost algo-
rithm. Meantime, in the aspect of the response function combination and the weak learners’
weight optimization allocation, two new similarity functions for float point descriptor and binary
descriptor respectively are proposed to use as kernel function of optimized object function to learn
a similarity embedding for improving image feature matching effect. The proposed learning
framework is more generalizing than others as it won’t be restricted to any predefined feature-
sampling model and it could encompasses intensity and director-gradient information. The results
show that the proposed feature descriptor outperforms overall comparing descriptors on recall-
precision performance of image local area matching. The proposed learning framework is able to
effectively optimize over the descriptor filter configuration leads to boost robustness to image

scale and perspective changes.
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however, obtaining such a robust representation becomes a
challenging task, especially for embedded device with limited
resources.

The performances of descriptors structured in different

way are various. To obtain better performance of descriptor
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under various image transformations, numerous descriptors
emerged over the past several years. They could be divided
into two main classes according to their presenting styles, 1. e.
floating point style and binary style. It is notable that floating
point descriptors reduce speed of matching and consume more
memories though their performances are approbatory.

With increasing requirement for computer vision applica-
tions that can be used in embedded hand-holding devices, it
starves for a substitute of floating point descriptors to apply
to the device with limited computational capabilities. One
way to speed up matching and reduce memory consumption is
to work with binary descriptors. The main advantage of
binary descriptor is that its similarity can be measured fast by
the Hamming distance. This is very fast because the Hamming
distance can be computed very efficiently via a bitwise XOR
operation followed by a bit count.

However, as our experiments show, lots of binary
descriptors often perform worse than their floating-point
competitors; some are built on top of existing representation
such as SIFT or GIST by relying on training data, and are
limited by the performance of the intermediate representation.
Other start from raw image intensity patches, but focus on
computation speed and reply on fast-to-compute image
features, which limit their accuracy.

To address these shortcomings, we proposed a learning

framework of image patch similarity to learn low-dimension-
ality and high-discriminative descriptor based on AdaBoost in
this paper. In the proposed framework, we model the repre-
sentations of image patches by non-linear weak learners
which are trained by AdaBoost algorithm. Furthermore, in
the aspect of the response function combination and optimal
allocation of the weak learners” weight, we propose two new
similarity functions for float point descriptor and binary
descriptor respectively to use as kernel function of optimized
object function to learn a similarity embedding for improving
image feature matching effect.

We also performed a set of experiments to show that the
proposed learning framework is more generalizing than others
as it won’t be restricted to any predefined feature-sampling
model and it could encompasses intensity and director-gradient
information. The empirical results show that the proposed
feature descriptor outperforms overall comparing descriptors
on recall-precision performance of image local area matching.
In Conclusion, we develop an effective and efficient learning
framework that is able to effectively optimize over the
descriptor filter configuration leads to boost robustness to
image scale and perspective changes.
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