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ABSTRACT

PERSON RE-IDENTIFICATION IN THE WILD: FROM
SHORT-TERM TO LONG-TERM

by
YAN HUANG

The task of person re-identification (re-ID) is to confirm the identity of a person
in visual traces captured by different cameras. Person re-ID “in the wild” is a
highly demanded technology and quite challenging due to the lack of data diversity,
dramatic background variation between different domains, uncontrollable clothing
change, and influence caused by the shortage of lighting. According to the scale of
time gaps when footages are captured, these challenges are exposed into two different
scenarios: 1) Short-Term person re-ID (ST-relD), and 2) Long-Term person re-1ID
(LT-reID). ST-relD addresses the time gap of several minutes. This scenario is
mainly to deal with variations of illumination, viewpoint, and pose. Thus, data
diversity is the primary concern. In addition, when footages are taken in different
environments, ST-relD often encounters a large background shift issue. On the
contrary, the time gaps between two footages in LT-reID can be several hours or
even longer. Thus, a person has a great chance to change clothing. As another
widely seen case, after a long-time gap, in order to take footages to re-identify a

person when s/he reappears at night, infrared cameras are required.

For ST-relD in the wild, the diversity of training data is essential to ensure
a re-ID system can tolerate variations of illumination, viewpoint, and pose, etc.
In addition, a model trained on one domain can lack certain generalization when
it is applied to a new domain. This thesis will deeply study the two challenges
exposed in ST-relD. Corresponding solutions are provided by using generated data

to compensate for the limited data diversity. Also, a background shift suppression



model is proposed to deal with the background shift issue for cross-domain ST-relD.

For LT-relID in the wild, it is worth investigating approaches to tackle the cloth-
ing change issue. This thesis will introduce new clothing change datasets to the
community. Corresponding solutions are given to tackle the clothing change issue.
In addition, under tight security surveillance in LT-RelD, how to recognize the same
person who appears under a RGB camera (in the daytime) and an infrared camera
(reappear at night) is an immediate problem. A modality-biased training issue is
unveiled for the infrared-visible LT-relD task, and corresponding solutions are given.
This thesis will provide useful insights into diverse person re-ID issues in the wild
from the short-term scenario to the long-term scenario to support practical usages

in the real world.

Dissertation directed by Associate Professor Qiang Wu

School of Electrical and Data Engineering
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