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ABSTRACT
Person re-identification (re-id) is crucial for intelligent video
surveillance and has drawn wide attention. It is a popular
research topic and still faces many challenges in real applica-
tion scenarios. This paper is to introduce re-id including basic
concepts, development history and research statement. We
summary the traditional re-id methods from different points
of view and discuss some new re-id trends for future research.

Index Terms— Person re-identification, Deep learning,
Robot, Open-world, Domain adaptation

1. INTRODUCTION

Person re-identification (re-id) consists of associating an
individual appearing under different cameras or at differ-
ent time purely based on appearance information without
spatio-temporal reasoning. Generally, re-id is formulated as
a similarity measure problem, namely given the probe image
of an individual re-id compares it with the gallery images and
outputs the images with the most similar appearances. It is a
fundamental technology which can be used for many appli-
cations such as tracking recapture, human-robot-interaction,
multi-scene identification and criminal investigation.

Re-id is a new research topic. Its early related work can be
tracked back to the literature about multi-camera tracking [1]
in 1996. However, the concept of re-id was first formally pro-
posed in 2006 [2]. Different from the multi-camera tracking
problem, re-id only focuses on the human appearance infor-
mation without the topology of camera network. Afterwards,
in 2007, Gray et al. constructed VIPeR [3] dataset, the first
dataset specifically for re-id problem. Since then, re-id at-
tracts more and more attention and the first re-id workshop
is hosted by ECCV 2012 in Italy Florence. Recently, the
first treatise on re-id, Person re-identification, is published in
2014. The trend of re-id in recent several years can be seen
from the number of publications and citations shown in Fig.
1. Totally, 476 papers about person re-identification are re-
trieved from Web of Science, and about one-third of these pa-
pers are published in 2015 indicating the popularity of re-id.

Although re-id is making some process, it still faces many
difficulties in both feature extraction and model learning.

1This trend is from Web of Science http://apps.
webofknowledge.com
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Fig. 1. The trend of Person Re-identification. 1

• For feature extraction, complex backgrounds, occlu-
sions, low resolution, various illumination and view-
points are the main challenges.

• For model learning, the inter-class similarity and inner-
class dissimilarity results in significant ambiguity and
make it hard to learn a discriminative model. Besides,
the limited data size and different parameters of differ-
ent cameras always constrain the generalization ability
of models.

2. RESEARCH STATUS

The general pipeline of re-id can be divided into four basic
steps shown in Fig. 2. The four steps are image input, feature
extraction, feature representation and matching. Each step
covers different technics.

2.1. Traditional Methods

The re-id methods can be divided into four main groups ac-
cording to the image input which are single-shot re-id, multi-
shot re-id, video-based re-id and zero-shot re-id. Most of the
literatures are about single-shot re-id [?, 4–10], since it fo-
cuses on the single image description and matching which
is the basis for other kinds of re-id. While multi-shot re-
id [5, 11–14] focuses on information fusion to make full use
of appearance information from multiple images. Further-
more, some works utilize the motion information to improve

http://apps.webofknowledge.com
http://apps.webofknowledge.com


Image Feature
Extraction

Feature
Representation

Matching

Single-Shot

Multi-Shot

Color

Texture

Histogram

Attributes

Bag-of-Words

Template 
Matching

Ranking

Spatial 
Structure

Image
Image

Video

Zero-shot

Fig. 2. The general pipeline of person re-identification.

the performance and propose the video based re-id [15–19].
Different from the previous ones, zero-shot re-id [20–24] uses
a linguistic description of an individuals profile instead of ap-
pearance information.

The two steps of feature extraction and feature represen-
tation mainly focus on how to describe human appearance in-
formation effectively. According to the appearance descrip-
tion levels, re-id methods can be divided into two groups.
The straightforward way is using low-level feature directly
[5,7,12,25], such as color histogram and texture filters. How-
ever, low-level features are usually sensitive to complex back-
ground and space misalignment. In contrast, mid-level feature
could be more robust to serious space misalignment and can
capture more discriminative vision information [26]. There-
fore, they could be robust to variations of poses and view-
points [8–10, 27].

For the matching step, there are two common ways,
namely template matching and ranking. First, template
matching methods always measure the similarity between
probe and gallery images with a distance metric function.
Some literatures focus on the unsupervised methods [4, 5, 14,
28, 29]. While most literatures learn a Mahalanobis distance
metric function in a supervised way, namely metric learning
methods [25, 30–32]. Second, ranking based methods con-
vert the re-id problem from an absolute scoring problem to a
learning to rank problem which explores the pairwise relative
information. Some works solve the ranking problem based
on RankSVM [33, 34] to translate the ranking problem into a
classification problem. Besides, Paisitkriangkrai et al. took
the advantages of both metric learning and learning to rank
with an ensemble framework [35, 36].

2.2. New Trend

Deep Learning Re-id: Compared to the traditional re-id
pipeline, deep learning can combine the feature extraction,
feature representation and matching steps into a unified model
which could utilize end-to-end optimization and pre-training
procedure to train a better model. In 2014, two methods
are first proposed to apply deep learning to re-id [37, 38].
And in 2015, Ahmed et al. [39] proposed an improved deep
learning architecture for re-id which significantly outperforms
the state-of-the-arts on both a large dataset (CUHK03) and a
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medium-sized dataset (CUHK01). However, due to the de-
ficiency of training data and model complexity, the perfor-
mance of deep model is limited on small datasets even with
pre-training. To address the overfitting problem, Ding et al.
designed a simplified network architecture with a simple L2

distance metric to learn features with triplet samples, which
achieves good performance on small datasets [40]. In 2016,
deep learning is wildly applied to re-id and many researchers
try to train end-to-end models [41–46]. Chen et al. combined
CNN model and learning to rank model into a unified frame-
work to perform an end-to-end optimization [41]. To con-
struct a complete end-to-end re-id system, Xiao et al. pro-
posed an end-to-end deep learning framework to jointly han-
dle pedestrian detection and person re-id [43].

Open-World and Domain Adaptation Re-id: A central
limitation of existing re-id approaches is that they are more
suited to closed-world benchmark problems rather than realis-
tic open-world scenarios. Closed-world benchmark assumes
that the gallery contains the matching images for the probe
image, and the methods require many pairs of person images
annotated by same/different for each camera pair. However,
in realistic open-world scenarios, gallery images detected by
pedestrian detector may contain many distractor and junk im-
ages instead of true matches [47], and the number of cam-
era pairs is quadratic of the number of cameras [48]. There-
fore, there is a mismatch of efficiency and scalability between
traditional re-id and real application scenarios. To address
the problem, Liao et al. proposed a database for open-set
re-id [49]. Zheng et al. treated re-id as an image retrieval
problem, and utilize TF-IDF and reranking technics to im-
prove the performance [47, 50]. Besides, to make the model
domain adaptive, some researchers relax the practically unre-
alistic assumption of exhaustive training data within each do-
main and propose an effective cross-domain learning method
[48,51,52]. And Xiao et al. propose a domain guided dropout
strategy to jointly learn generic and robust deep feature rep-
resentations [44].

2This picture is from SPENCER project http://www.spencer.eu/
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Re-id on Robot Platform Compared to the surveillance
re-id, robot re-id is much different. Robot platform (Fig. 3)
has three important characteristics, namely mobility, activity
and interactivity, which lead to different advantages and dif-
ficulties. Generally, there are few cameras instead of a large
camera network on a robot, and the image quality is much bet-
ter to obtain some high-level semantics features, such as face,
gender, race, etc. Equipped with RGB-D cameras, we could
segment and track the human body more easily, and anthro-
pometric measures, such as arm length and height, can also be
obtained [53–55]. Besides, the activity and interactivity can
help the robot collect more useful data. These advantages can
provide more and precise information for robot re-id. How-
ever, the mobility of robot leads to constantly changing sce-
narios for re-id, and there are more occlusions for robot re-id
because of the lower camera view. In addition, the real-time is
a key to robot application. So that robot re-id needs to balance
the robustness, adaptivity and computation complexity of the
model. As the robot re-id is still in an early stage, few works
and datasets have been proposed. The earliest related work
can be tracked back to 2005, which is to help robot keep track
of humans who leave the field of view and re-enter later. Re-
cently, the works for robot re-id are mainly based on RGB-D
sensors which could provide more information and are suit-
able for close-range indoor scenes [53–58].

3. CONCLUSIONS

This paper introduces the basic concepts, development his-
tory and research statement for re-id. We summary the tradi-
tional re-id pipeline, and discuss some new trends for future
research. Since large datasets are constructed, deep learn-
ing becomes more and more popular in re-id, especially the
end-to-end deep model. And to address the gap between tra-
ditional re-id and real application scenarios, open-world and
domain adaption re-id is necessary to study. Besides, robot
re-id as a key component for human-robot interaction may
become more and more popular. These new trends will guide
our further research in re-id.
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