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Learning Quadratic Similarity Function for Pedestrian Re-Identification

DU Yu-Ning Al Hai-Zhou
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Abstract  Pedestrian re-identification is a valuable problem that has enormous potential for
practical applications like criminals monitoring and investigation, lost children search in the
public area, personal photo album management, e-business, to name a few. Meanwhile, it is
also very challenging since the appearance of the same person between camera views changes
dramatically caused by illumination, viewpoint, pose, and background variations. Given a certain
pedestrian feature space, because of the different discriminative ability of different feature components,
learning a proper similarity is important for pedestrian re-identification. A dominant algorithm to
learn a similarity is the metric learning that learns a Mahalanobis Similarity Function (MSF) to
estimate the similarity of a pair of pedestrians. However, because MSF only projects a pair of
pedestrians into the feature difference space and ignores the appearance of each individual, it is
inadequate for modeling complex relationships of appearance variations from different cameras. In
this paper, we propose to learn a Quadratic Similarity Function (QSF) that greatly strengthens
the modeling ability of the similarity function. QSF is a generalization of MSF, and it not only

represents the cross correlation relationship of a pair of pedestrians, but also describes the auto
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correlation relationship. So QSF is better to tackle large appearance variations of the same

pedestrians than MSF. To learn a QSF, inspired from the classification perspective and the ranking

perspective, we design two algorithms with different optimizing object functions. Experiments on

the VIPeR dataset and the CUHK campus dataset show that both algorithms are effective to learn

a QSF and their performance outperforms the previous algorithms.
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Background

Pedestrian re-identification aims to identify the same
person’ s images in an existing database come from non-
overlapping camera views. It is a valuable problem and has
enormous potential for practical applications like criminals
monitoring and investigation, video index, lost person search,
to name a few. It is also very challenging because the
appearance of the same person between different cameras
changes dramatically caused by pose, viewpoint and illumination
variations. The appearance variations are large not only
between the images of the different persons, but also between
the ones of the same person.

In recent years, many researchers pay attention to this
problem and propose lots of approaches. Those approaches
can be roughly divided into two categories: unsupervised and
supervised.

Unsupervised approaches aim to extract visual features
that are distinctive and stable between different camera views
by hand. Since there are large intra-class appearance variations
under realistic conditions, it is difficult to design robust visual
features worked well for all kinds of variations by hand. More-
over. those features extraction is often very time consuming.

The idea of supervised approaches is exploring the
discriminative information from the data with machine learning
algorithms, such as AdaBoost, SVM, Metric Learning and
so on. They tend to have better performance than unsupervised

ones and need less time to test an image. However, most of

supervised approaches project a pair of pedestrians into the
feature difference space or the absolute feature difference
space at first and it isn't an optimal projection for pedestrian
re-identification since they neglect the appearance of each
individual. Our approach is a supervised one. Different from
previous work, we learn a quadratic similarity function to
strengthen the connection between the similarity function and
each individual appearance of a pair of pedestrians. So that
the similarity function can deal better with large intra-class
appearance variations. The performance of our approaches
outperforms the previous ones.
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In the past, our lab explores some efficient approaches
on the fundamental problems of visual content extraction and
analysis of pedestrian video, such as detection, tracking,
segmentation and pose estimation on pedestrian. This work
is also a fundamental problem for pedestrian video analysis.
In the future, we will build a prototype system of pedestrian
retrieval in visual surveillance by jointing above fundamental

approaches.



