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Abstract— Person re-identification (re-id) means it’s a 

process of identifying a person which appears once in a 

camera of any public places. That means it aims to find a 

person captured in one camera in another camera at any new 

location. Person re-identification has many important 

security related applications such as cameras in shopping 

malls and stores. One of the major challenges in person re-

identification method is the lack of spatial and temporal 

changes. The main aim is to compare different methods of re-

id which includes an end-to- end Accumulative Motion 

Context Network (AMOC) based method addressing video 

person re- identification problem through joint spatial 

appearance learning , an image-to- video person re-id which 

is different from the most existing research of person re-id in 

probe and gallery setting, a visual attention model that is 

formulated as a triplet recurrent neural network which takes 

several glimpses of triplet images of persons and dynamically 

generates comparative attention location maps for person re-

identification. The last two methods are about deep 

Convolutional Neural Networks (PersonNet) and reference 

descriptor which uses pre-defined set of values for re-id. The 

study incorporates each and every method in detail along with 

a comparative analysis aimed to realize advantages and 

disadvantages of above mentioned approaches.  

Key words: AMOC, CAN, Deep CNN, PersonNet, 

Temporally Memorized Similarity Learning 

I. INTRODUCTION 

Person re-identification is the process of finding a person in 

another camera at any new location and time. One of the 

major challenges to person re-identification is the lack of 

spatial and temporal information. Re-identification is a 

pipelined process consisting of a series of image-processing 

techniques that finally indicate the same person who has 

appeared in different cameras. The potential to make 

surveillance systems more operator-independent than before, 

and the need to address related issues that have not yet been 

solved, make re-identification an interesting subject of 

research. 

Surveillance in public places is widely used to 

monitor various locations and the behavior of people in those 

areas. Since events such as terrorist attacks in different public 

places have occurred more frequently in recent years, a 

growing need for video network systems to guarantee the 

safety of people has emerged. In addition, in public transport 

(airports, train stations or even inside trains and airplanes), 

intelligent surveillance has proven to be a useful tool for 

detecting and preventing potentially violent situations. Re-

identification can also play a part in processes that is needed 

for activity analysis and event recognition or scene analysis. 

In an intelligent video surveillance system, a sequence of 

real-time video frames is grabbed from their source, normally 

closed circuit television (CCTV) and processed to extract the 

relevant information. 

Today, the growth in the computational capabilities 

of intelligent systems, along with vision techniques, has 

provided new opportunities for the development of new 

approaches in video surveillance systems. This includes 

automatic processing of video frames for surveillance 

purposes, such as segmentation, object detection, object 

recognition, tracking and classifying. One of the most 

important aspects in this area is person re-identification. As 

long as a person stays within a single camera's view, his 

position, as well as the lighting condition and background, is 

known to the system. However, problems arise in 

applications in which a network of cameras must be used 

when the person moves out of one camera's view and enters 

another. Although tracking a person within a single camera 

stream creates issues related to occlusion and is typically 

based on continuous user observations, multi-camera 

tracking raises the concern of uncovered areas where the user 

is not observed by any camera. Therefore how does the 

system know that the person seen in that camera was the same 

person seen earlier in another camera. This issue is known as 

a re-identification problem. It centre’s on the task of 

identifying people separated in time and location. The lack of 

spatial continuity for the information received from different 

camera observations makes person re-identification a 

complex problem. 

The person re-identification problem has three 

aspects. First, there is a need to determine which parts should 

be segmented and compared. Second, there is a need to 

generate invariant signatures for comparing the 

corresponding parts. Third, an appropriate metric must be 

applied to compare the signatures. Problems related to re-

identification make it more difficult than the identification 

task. Although some research has been done in this area, 

several problems have yet to be solved. These issues can 

generally be classified into two categories: (i) inter-camera 

and (ii) intra-camera. The problems may differ in different 

scenarios. For example, the considerations for re-

identification in public places such as train stations or 

crowded shopping malls are different from those in a house. 

However, all applications have common problems. 

To track the same person in different cameras, the 

system must be robust against illumination changes and 

outdoor clutter. Different camera viewpoints can also cause 

problems for methods that are based on the gait or shape of 

the moving person. Occlusion in public places is another 

issue that must be addressed. In methods based on the 

appearance of people, the clothing of the object shown from 

one camera to another should not be changed. Otherwise, the 

system would fail. People will enter the camera's field of view 

with different poses; thus, for approaches that try to extract a 

model based on the movement of the person, changing the 



Study on Person Re-Identification Methods in Public Surveillance Systems 

 (IJSRD/Vol. 6/Issue 02/2018/533) 

 

 All rights reserved by www.ijsrd.com 1941 

pose will create difficulties. To prevent failure, the designated 

methods must have the flexibility and capability to deal with 

these problems. 

II. RELATED WORK 

Farenzena propose appearance-based method for person re-

identification in her work “Person Re-Identification by 

Symmetry-Driven Accumulation of Local Features 

(SDALF)” [1]. It consists in the extraction of features that 

model three complementary aspects of the human 

appearance: the overall chromatic content, the spatial 

arrangement of colors into stable regions, and the presence of 

recurrent local motifs with high entropy. All this information 

is derived from different body parts, and weighted 

opportunely by exploiting symmetry and asymmetry 

perceptual principles. In this way, robustness against very 

low resolution, occlusions and pose, viewpoint and 

illumination changes is achieved. The approach applies to 

situations where the number of candidates varies 

continuously, considering single images or bunch of frames 

for each individual. 

Shengcai proposed Local Maximal Occurrence 

(LOMO) in which it analyzes the horizontal occurrence of 

local features, and maximizes the occurrence to make a stable 

representation against viewpoint changes in his work “Person 

Re-identification by Local Maximal Occurrence 

Representation and Metric Learning” [2]. Person re-

identification is an important technique towards automatic 

search of a person’s presence in a surveillance video. Two 

fundamental problems are critical for person re-identification, 

feature representation and metric learning. An effective 

feature representation should be robust to illumination and 

viewpoint changes, and a discriminant metric should be 

learned to match various person images. It proposes an 

effective feature representation LOMO and a subspace and 

metric learning method called Cross-view Quadratic 

Discriminant Analysis (XQDA). Besides, to handle 

illumination variations, it applies the Retinex transform and a 

scale invariant texture operator. To learn a discriminant 

metric, it propose to learn a discriminant low dimensional 

subspace by cross-view quadratic discriminant analysis, and 

simultaneously, a QDA metric is learned on the derived 

subspace. It also presents a practical computation method for 

XQDA, as well as its regularization. 

Gray and Tao propose to use AdaBoost to select 

good features out of a set of color and texture features in their 

work “Viewpoint Invariant Pedestrian Recognition with an 

Ensemble of Localized Features” [3]. Viewpoint invariant 

pedestrian recognition is an important yet under-addressed 

problem in computer vision. This is likely due to the difficulty 

in matching two objects with unknown viewpoint and pose. 

This paper presents a method of performing viewpoint 

invariant pedestrian recognition using an efficiently and 

intelligently designed object representation, the ensemble of 

localized features (ELF). Instead of designing a specific 

feature by hand to solve the problem, it define a feature space 

using our intuition about the problem and let a machine 

learning algorithm find the best representation. It show how 

both an object class specific representation and a 

discriminative recognition model can be learned using the 

AdaBoost algorithm. This approach allows many different 

kinds of simple features to be combined into a single 

similarity function. 

Schwartz and Davis propose a discriminative 

appearance based model using partial least squares, in which 

multiple visual features: texture, gradient and color features 

are combined in their work “Learning Discriminative 

Appearance-Based Models Using Partial Least Squares” [4]. 

Appearance information is essential for applications such as 

tracking and people recognition. One of the main problems of 

using appearance-based discriminative models is the 

ambiguities among classes when the number of persons is 

being considered increases. To reduce the amount of 

ambiguity, it proposes the use of a rich set of feature 

descriptors based on color, textures and edges. Another issue 

regarding appearance modeling is the limited number of 

training samples available for each appearance. The 

discriminative models are created using a powerful statistical 

tool called Partial Least Squares (PLS), responsible for 

weighting the features according to their discriminative 

power for each different appearance. 

Hirzer proposed a relaxed pair wise learned metric 

(RPLM) based on Mahalanobis distance learning which took 

advantages of the structure of the data with reduced 

computational cost in his work “Relaxed Pair wise Learned 

Metric for Person Re-Identification”[5] . It achieved state-of-

the-art results with simple feature descriptors. Matching 

persons across non-overlapping cameras is a rather 

challenging task. Thus, successful methods often build on 

complex feature representations or sophisticated learners. A 

recent trend to tackle this problem is to use metric learning to 

find a suitable space for matching samples from different 

cameras. However, most of these approaches ignore the 

transition from one camera to the other. In this it proposes to 

learn a metric from pairs of samples from different cameras. 

Moreover, once the metric has been learned, only linear 

projections are necessary at search time, where a simple 

nearest neighbor classification is performed. 

III. METHODOLOGY 

Person re-identification means it’s a process of identifying a 

person which appears once in a camera of any public places. 

The person re-identification methods can be done in various 

ways in different methods like image based and video based 

person re-identification methods. One of the major challenges 

in person re-identification method is the lack of spatial and 

temporal changes. The Comparative Attention Network 

(CAN), Accumulative Motion Context (AMOC), Person re-

id with Reference Descriptor, PersonNet and Temporally 

Memorized Similarity Learning based person re-

identification methods are discussed here. 

A. Comparative Attention Network (CAN) 

The existing methods in person re-id compare the features of 

an individual repeatedly. This is done to find the specific one 

correctly. At the end of the process, the information gathered 

from glimpses is integrated as the comprehensive information 

to help the discerning. For example, whether they are wearing 

the same jackets or carrying the same bag. 
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In end-to-end CAN framework it helps to re-identify 

the person by learning a comparative model from raw person 

images to recurrently localize some discriminative parts of 

person images via a set of glimpses. At each glimpse, the 

model generates different parts without any manual 

annotations. It takes both the raw person images and the 

locations of a previous glimpse as inputs, and produces the 

next glimpse local region features as the outputs. 

1) Model Architecture: 

The end-to-end Comparative Attention Network (CAN) 

based architecture that formulates the problem of person re-

identification as discriminative visual attention finding and 

ranking optimization. For a given triplet of raw person 

images, apply end-to-end Comparative Attention Network 

(CAN) at each one to learn comparative attention features. 

The global discriminative features are learned by CNNs, and 

then passed to the LSTM-based comparative attention 

components to obtain the discriminative attention masked 

features at different time steps. To combine these different 

time step features and make them more discriminative, a 

triplet selection method is utilized after concatenating 

different time step features. Fig.1 illustrates the architecture 

of the end-to-end Comparative Attention Network (CAN). 

The CAN network can compare multiple person parts using 

the comparative attention mechanism. The comparative 

attention network works in the training phase and the test 

phase individually. 

a) Training Phase: 

During training, the model starts from processing a triplet of 

raw images. Here, it denote the images of a triplet as I, I+ and 

I-, corresponding to the anchor sample, the positive sample 

and the negative sample respectively. I and I+ come from the 

same class (positive pair), while I- is from a different class 

(negative pair). The objective of CAN is to learn effective 

feature representation and to generate discriminative visual 

attention regions. Fig. 1. (a) Shows the overall architecture 

used for training. The comparative attention network consists 

of following two parts: global discriminative feature learning 

components and comparative attention components. 

 
(a)  Training phase 

 
(b)  Fig. 2: Test phase 

 

Fig. 1: Architecture of Comparative   Attention Network   

(CAN) 

b) Test Phase: 

As shown in Fig. 1. (b), in the test phase, pass a set of person 

image pairs in the testing set into the trained CAN, where the 

Euclidean distance of them is computed. Then the ranking 

unit directly outputs the final ranking results. 
(1) Triplet Selection 

It is crucial to select triplets that violate the below constraint. 

    ||Hn − Hn
+||   

2   
2 + α < ||Hn − Hn

−||2
2                (1) 

Here  Hn is a given raw image. It needs to select a 

positive sample Hn
+  and a negative sample Hn

− . And  is a 

margin that is introduced to enhance the discriminative ability 

of learned features between positive and negative pairs. It is 

difficult and unrealistic to compute the argmin and argmax 

for the whole training set. This model needs to compare pair-

wise images and to generate a series of attention locations for 

every image of each person. Therefore, it requires an efficient 

way to compute the argmin and argmax. There are two 

methods to be chosen: 

(a) Off-Line Triplet’s Selection: 

The triplets are generated every few steps and the most recent 

network checkpoint is employed to compute the argmin and 

argmax. 

(b) On-Line Triplet’s Selection: 

The selection can be done within a mini-batch. 

B. Temporally Memorized Similarity Learning 

This is an image-to video person re-id, in which the probe is 

an image and the gallery is consists of videos captured by non 

overlapping cameras. Compared with image, video sequence 

contains more temporal information that can be explored to 

improve the performance of re-identification system. It is 

challenging to model temporal information in the matching 

process of image-to-video person re-id. It explains a novel 

temporally memorized similarity learning neural network for 

this problem. The network mainly consisted of two parts, 

including feature representation sub-network and similarity 

sub network. 

1) Architecture Overview: 

Fig. 2. Shows the architecture of the framework. Generally, 

there are mainly two parts, i.e., feature representation sub-

network and similarity sub-network. The first part is used for 

image and video feature extraction, while the second part is 

used for similarity learning. In the first part, use a CNN to 

extract the feature of an input image and adopt the 

combination of CNNs and LSTM to extract the feature of 

videos. Each frame of videos is first processed by CNN to 

produce a feature vector representing the person’s 

appearance, which is forward to the LSTM to further exploit 

spatial and temporal information within the video sequence. 

The outputs of LSTM are concatenated together as 

the feature vector of the video sequence. Finally, the features 

of the input image and video are forward to the similarity sub-

network for distance metric learning. By using the 

framework, it can conveniently extract the features of image 

and video, and calculate their similarity. Besides, as the 

similarity learning is embedded in the neural network, it can 

optimize the feature representation and similarity learning 

simultaneously. 
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a) Feature Representation Sub-Network: 

It deploys the feature representation sub-network to extract 

the features of the input image and video. It is commonly 

accepted that the performance of deep networks is due to 

hierarchical feature extraction that takes place over many 

layers. Therefore for the input image, it adopts a CNN to 

extract its features. As to the input video, it use the CNNs 

with the same architecture to pre-process each frame into a 

higher-level representation and then adopt an LSTM network 

to further explore the spatial and temporal information in the 

video sequence. 

 
Fig. 2: Pipeline of framework 

2) Similarity Sub-Network: 

This method adopts a similarity sub-network in our 

framework to learn a distance metric to measure the similarity 

between the image and the video. In this case, it unifies the 

feature representation and distance metric learning in the 

same framework, which jointly optimizes the two parts 

simultaneously. 

C. Accumulative Motion Context (AMOC) 

Video based person re-identification plays a central role in 

realistic security and video surveillance. Here a novel 

Accumulative Motion Context (AMOC) network is put 

forward to address this important problem. Given a video 

sequence of the same or different persons, the AMOC 

network jointly learns appearance representation and motion 

context from a collection of adjacent frames using a two-

stream convolutional architecture. The architecture of 

AMOC is end-to-end trainable and thus motion context can 

be adapted to complement appearance clues under 

unfavorable conditions. 

 
Fig. 3: Architecture of AMOC 

a) Architecture Overview: 

Fig. 3. Illustrates the architecture of the end-to end 

Accumulative Motion Context network (AMOC). In our 

architecture each two consecutive frames is processed by a 

two-stream network to learn spatial appearance and temporal 

motion features representing the person’s appearance at a 

certain time instant. Then these two-stream features are fused 

in a recurrent way for learning discriminative accumulative 

motion contexts. After that, the temporal pooling layer 

integrates the two-stream features in time from an arbitrarily 

long video sequence into a single feature representation. 

Finally, the two-stream sub-networks for two 

sequences from two different cameras are constructed. To 

end-to-end train this network, it adopts multi-task loss 

functions including contrastive loss and classification loss. 

The contrastive loss decides whether two sequences describe 

the same person or not while the classification loss predicts 

the identity of the person in the sequence. 

D. PersonNet: Deep Convolutional Neural Networks 

The deep end-to-end neural network which simultaneously 

learn high-level features. And it has a corresponding 

similarity metric for person re-identification. The network 

takes a pair of raw RGB images as input, and outputs a 

similarity value indicating whether the two input images 

depict the same person. 

1) Architecture: 

In training, the input to PersonNet is a pair of fixed-size 

160*60 RGB images. The pair of images is passed through a 

stack of tied convolutional layers. Spatial pooling is carried 

out by three max-pooling layers, which follow some of the 

convolution layers (not all the convolution layers are 

followed by maxpooling). After a stack of convolution layers, 

it have three fully-connected layers where the first two have 

4096 dimension and the third is 512, which is put through 

softmax to determine the pair is same or different. The overall 

architecture of the proposed PersonNet is shown in Fig. 4. 

 
Fig. 4: Architecture of PersonNet 

E. Regularized Canonical Correlation Analysis (RCCA) 

A reference-based method is used for person re-identification 

across different cameras. Instead of directly matching people 

by their appearance, the matching is conducted in reference 

space where the descriptor for a person is translated from the 

original color or texture descriptors to similarity measures 

between this person and the exemplars in the reference set. A 

subspace is learned in which the correlations of the reference 

data from different cameras are maximized using Regularized 

Canonical Correlation Analysis (RCCA). For re-

identification, the gallery data and the probe data are 

projected into this RCCA subspace and the reference 

descriptors (RDs) of the gallery and probe are generated by 

computing the similarity between them and the reference 

data. The identity of a probe is determined by comparing the 

RD of the probe and the RDs of the gallery. A re-ranking step 
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is added to further improve the results using a saliency-based 

matching scheme. 

1) Architecture: 

The method involves an offline process and an online re-

identification process. In the offline process, the RCCA 

projection matrices are learned and the RDs of the gallery are 

generated. During online re-identification process, the RD of 

a probe is generated and is compared with the RDs of the 

gallery to obtain the initial matching result. Re-ranking is 

then performed to improve the initial results based on image 

saliency. The architecture is shown in fig. 5. 

 
Fig. 5: Architecture of reference based re-id 

2) Offline Process: 

a) CCA Subspace Learning: 

Canonical Correlation Analysis (CCA) is a multivariate 

statistical analysis technique. It aims to explore the 

relationship between two sets of random variables from the 

different observations on the same data (e.g., images of 

subjects from different views). CCA finds projections such 

that the correlation between these two sets of random 

variables is maximized after projection. 

b) Gallery Data in Reference Space: 

The reference set contains images and of N subjects from two 

different cameras A and B. The features such as color 

histograms and texture descriptors from each image are 

extracted and two feature sets are obtained. Since the features 

are from images in different views, we first learn a RCCA 

subspace in which the correlations between the projected 

feature sets are maximized. The RCCA projection matrices 

are learned, by projecting the original features into the RCCA 

subspace, we obtain the projected features of the reference set 

with reduced dimensionality and enhanced correlation. 

3) Online Re-Identification: 

a) Initial Matching 

Suppose the probe is from camera B and the detection of a 

subject is given, the appearance features are first extracted. 

b) Saliency Detection 

To improve the re-identification accuracy it uses high-level 

image information to re-rank the initially returned results.  

Image saliency, such as carrying item, is a discriminative 

visual feature to match subjects across different views. 

c) Re-Ranking 

Once the saliency of the probe and gallery is detected, the re-

ranking of the initial re-identification results is based on the 

saliency similarity between the probe  from camera B and a 

returned gallery match at a rank  from camera A. 

4) Selection of Reference Set: 

The reference set can be optimized by selecting the most 

discriminative reference subjects and removing any 

redundant data. The goal is to select the “basis” reference 

subjects that will span the reference space. In other words, 

dissimilar subjects are preferred to form a more definitive 

reference set. Three different methods are considered in order 

to select N reference subjects out of a total of N available 

ones. 

1) Random selection: randomly sample N reference 

subjects out of the reference pool of size N. 

2) Max-variation rule: for each image in the reference set, 

the similarity between images is computed. 

3) Min-correlation rule: This rule is a backward selection 

process. 

IV. ANALYSIS OF METHODS 

Person re-identification methods can be done in different 

ways depending on various methods. Here it going to analyze 

the five person re-identification methods according to seven 

parameters such as category, techniques used, input, 

comparison type, feature/descriptor name, types of 

feature/descriptor and recognition accuracy. From these five 

methods the Comparative attention network (CAN) is the best 

method for person re-identification because it has better 

accuracy in person matching. CAN is an image based re-id. 

It’s an end to end method. It takes triplets of image for 

processing. It takes multiple glimpses and dynamically 

generates the discriminated feature and all this features are 

integrated for re-identification process. All most all methods 

use CNN and LSTM for getting spatial and temporal 

information’s. At each glimpse, the model generates different 

parts without any manual annotations. It takes both the raw 

person images and the locations of a previous glimpse as 

inputs, and produces the next glimpse local region features as 

the outputs. These features can be regarded as a kind of 

dynamical pooling feature. 

Methods /Parameters AMOC 

Category Video based person re-id 

Techniques used AMOC, CNN and LSTM 

Input Pair of video frames 

Comparison Type End to end trainable 

Feature /Descriptor name Two individual streams 

Types of feature/ Descriptor Dynamic pooling features 

Recognition accuracy High (Compared to above) 

(a) 

Methods/ 

Parameters 
PersonNet RCCA 

Category 
Image based re-

id 

Image based re-

id 

Techniques used Deep CNN RCCA & CCA 

Input Pair of images Pair of images 

Comparison Type 
Pre-defined 

image 

Avoid direct 

comparison 

Feature/Descriptor 

name 

High level 

features & 

convolution 

layers 

Reference 

descriptor & 

offline and 

online re-id 

Types of features/ 

Descriptor 

Conventional 

pooling 

features 

Conventional 

pooling features 

Recognition 

accuracy 
Almost high 

Not provide 

better accuracy 

(b) 
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Methods/ 

Parameters 

Temporally 

Memorized 

Similarity 

CAN 

Category 

Image to 

video person 

re-id 

Image based re-id 

Techniques 

used 

CNN and 

LSTM 

CAN, CNN and 

LSTM 

Input Single image Triplets of image 

Comparison 

type 

End to end 

trainable 

End  to end 

trainable 

Feature / 

Descriptor 

name 

Two stream 

spatial and 

temporal 

model 

Multiple glimpses 

& focus on 

selective parts 

Types of 

features/ 

Descriptor 

Dynamic 

pooling 

features 

Dynamic pooling 

features 

Recognition 

accuracy 

Better than 

above 

methods 

Almost high 

(compared to all) 

(c) 

Table 1: Analysis of Person Re-identification Methods 

Temporally memorized similarity learning is an 

image to video person re-id. It’s an end to end method. From 

the sequence of video it going to identify whether it’s a same 

person or not. It uses two stream networks for processing 

sequence of video. It uses dynamic pooling features. AMOC 

is a video based person re-id. It also end to end trainable and 

also uses dynamic pooling features. It takes input as video 

streams. It uses two individual streams for processing. RCCA 

and PersonNet uses image pairs as input. It is based pre-

defined set of values. It avoids direct comparison. Both the 

methods use conventional pooling features. 

V. APPLICATIONS 

The person re-identifications have many important 

applications. Some of them are: 

1) Person tracking 

2) Forensic search 

3) Security systems 

4) Video surveillance of public scenario (such as stores and 

shopping malls) 

Person tracking is an important application of person 

re-id. It helps to re-identify a person which appears once in a 

camera at any different location and time. It helps to avoid 

many malfunctions, thefts and attacks like terrorist attacks. 

The cameras which are placed in public places such as 

shopping malls, universities, roadways or pedestrians may 

help to detect much of the overheads. Nowadays cameras are 

placed in airports and railway stations to detect any kinds of 

attacks. Even cameras also placed inside train and airplanes. 

Forensic Search is an emerging field of computer 

forensics. Forensic Search focuses on user created data such 

as email files, cell phone records, office documents, PDFs 

and other files that are easily interpreted by a person. Forensic 

Search differs from computer forensic analysis in that it does 

not seek to review or analyze the lower level system files such 

as the registry, link files or disk level issues more commonly 

associated with traditional computer forensic analysis. 

The most basic definition of any security system is 

found in its name. It is literally a means or method by which 

something is secured through a system of interworking 

components and devices. Surveillance cameras are available 

in both wired and wireless configurations, surveillance 

cameras can be used in several different ways as part of an 

overall security system. 

Surveillance cameras are video cameras used for the 

purpose of observing an area. They are often connected to a 

recording device or IP network, and may be watched by a 

security guard or law enforcement officer. 

VI. CONCLUSION 

Here mainly five methods based on person re-identification 

are described. First one is an end-to-end Accumulative 

Motion Context Network (AMOC) based method addressing 

video person re-identification problem through joint spatial 

appearance learning and motion context accumulating from 

raw video frames. Second one is about image-to-video person 

re-id is different from the most existing research of person re-

id in probe and gallery setting. Third one is about a visual 

attention model that is formulated as a triplet recurrent neural 

network which takes several glimpses of triplet images of 

persons and dynamically generates comparative attention 

location maps for person re-identification. The last two 

methods is about person re-identification using Reference 

Descriptor and Deep Convolutional Neural Networks. These 

two methods are based on pre-defined set of values and not a 

direct method for comparison. Comparing all the five 

methods Comparative Attention Networks (CAN) is more 

beneficial for person matching because it provides a single 

image based re-id and it also makes use of simultaneous 

seeing and comparing method. CAN is not based on 

predefined set of values but follows a direct comparison and 

that is the main motivation of it. It also makes use of CNN 

and LSTM for feature extraction. All its  important 

characteristics shows that compared to all above mentioned 

re-id, CAN has better accuracy in person matching. 

REFERENCES 

[1] An, Kafai, Yang and Bhanu.2015. “Person Re-

Identification with Reference Descriptor”. In IEEE 

transactions on circuits and Reference Descriptor. 2011. 

[2] Bak, Charpiat, Corvee, Bremond, and Thonnat. 

“Learning to match appearances by correlations in a 

covariance metric space”. In European Conference on 

Computer Vision (ECCV).2012. 

[3] Farenzena, Bazzani, Perina, Murino, and Cristani. 

“Person re-Identification by symmetry-driven 

accumulation of local features”. In Computer Vision and 

Pattern Recognition (CVPR).2010. 

[4] Gray and Tao. “Viewpoint invariant pedestrian with an 

ensemble of localized features”. In Proc. Eur. Conf. 

Comp. Vis. 2008. 

[5] Hirzer, Roth, ostinger, and Bischof. “Relaxed pair wise 

learned metric for person re-identification”. In European 

Conference on Computer Vision (ECCV), pp.780-793. 

2012. 

[6] Liu, Feng, Qi, Jiang and Yan. “End-to-End Comparative 

Attention Networks for Person Re-identification”. In 



Study on Person Re-Identification Methods in Public Surveillance Systems 

 (IJSRD/Vol. 6/Issue 02/2018/533) 

 

 All rights reserved by www.ijsrd.com 1946 

IEEE transactions on image processing, vol. 14, no. 

8.2016. 

[7] Liu, jie, jayashree, qi,jiang and yan, feng,. “Video-based 

person re-identification with accumulative motion 

context". In IEEE transactions on circuits and systems 

for video Technology. 2016. 

[8] Schwartz and Davis. “Learning discriminative 

appearance- based models using partial least squares”. In 

Proc. of SIBGRAPI. 2009 

[9] Wu, Shen, van den Hengel. “PersonNet: Person Re-

identification with Deep Convolutional Neural 

Networks”. 20 June 2016. 

[10] Zhang, Wu, Cheng, Zhang, Dong, Cai. “Image-to-Vide 

Person Re-Identification with Temporally Memorized 

Similarity Learning”. In IEEE transactions on circuits 

and systems for video technology. CVPR.2017. 


