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Abstract- Person re-identification largely involves input patterns or attributes. Recognizing a person across non-overlapping 
camera views, with different pose, illumination, and camera characteristics. To  propose to tackle this problem by training a 
deep convolutional network to represent a person’s appearance as a low-dimensional feature vector that is invariant to 
common appearance variations encountered in the re-identification problem. Specifically, a Siamese-network architecture is 
used to train a feature extraction network using pairs of similar and dissimilar images.  
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I. INTRODUCTION 
 
Person re-identification models the problem of 
tracking a person as they move through a non-
overlapping camera network. Reliable person re-
identification is vital for multiple camera tracking in 
realistic conditions, where there is little control over 
the image acquisition process, where camera 
coverage may be sparse, and where the subject may 
be noncooperative. The core of this problem is to 
decide whether pedestrian detections from several 
non-overlapping cameras, acquired at different times, 
were all caused by the same person. In the most 
general case, the individual cameras will have 
different hardware, will have non-overlapping fields 
of view, will capture the person from different angles, 
with different pose, and with differing illumination. 
Due to the large number of uncontrolled sources of 
variation, as well as generally poor image quality, this 
task remains very challenging. 
 
II. IMAGE DATA HIDING 
 
This paper differs from other re-identification 
methods based on deep networks [61], [37] by 
inclusion of multitask learning to improve re-
identification performance and prevent over-fitting to 
the training dataset. In particular, the multi-task 
network will be trained to perform verification, 
identification, clothing attribute labelling, and pose 
labelling. This aims to encourage the learned feature 
representation to better generalize to unseen data such 
as other re-identification datasets. We show that by 
using multi-task learning, the reidentification 
performance of a simple convolutional network can 
match that of the more complex network, such as 
[61], given the same training and testing datasets. 
 
There are three types of redundancy can be identified: 
 • Spatial Redundancy i.e. correlation between 
neighboring pixel values. 

  • Spectral Redundancy i.e. correlation between 
different color planes or spectral bands.  
 
III. INVARIANT FEATURE EXTRACTION  
 
Invariant feature extraction Ideally, the features used 
for re-identification should be invariant under 
common image transformations, while having a high 
degree of inter-person variation, and a low degree of 
intra-personal variation. Colour is commonly used as 
it exhibits a degree of pose invariance [53]. However, 
colour features, especially RGB or HSV, tend not to 
be illumination invariant [56] or invariant to different 
camera set-ups. Attempts have therefore been made 
to use physical illumination models, such as the 
Retinex model [30], to understand how colour 
features are affected by illumination to improve their 
invariance. Brightness transfer functions (BTF) can 
be used to transform colour features as a person 
moves between a pair of cameras 
 
A. Deep Convolutional Neural Networks 
Deep Convolutional Neural Networks There has been 
renewed interest in using neural networks for 
computer vision, sparked by the significant 
performance improvements over previously state of 
the art methods recently achieved using deep 
convolutional networks (CNNs) [28]. An application 
of neural networks that is particularly suited to person 
re-identification is that of learning embeddings, 
which involves mapping images into a low 
dimensional feature space, while preserving semantic 
relationships between the images. 
 
IV. DISTANCE  METRIC LEARNING FOR 
PERSON RE-IDENTIFICATION 
 
The Euclidean distance between the feature 
representation of each image is used for training the 
network to perform veri- fication. For a training 
image pair (x1, x2), the cost function, V, is dependent 
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on whether the images are from the same, or different 
people. We will first introduce the cost functions for 
both cases, then we will show how these cost 
functions can be combined. 
 
Therefore, in the same person case, the cost increases 
as the Euclidean distance between the feature 
representations increases, and when the feature 
representations are identical, the cost is zero.  
 
V. PROPOSED METHOD 
 
In practice, each layer of a convolutional network 
learns several small filters, which are convolved with 
the layer’s input i.e., the previous layer’s activation 
maps, to produce a new set of activation maps. Note 
that the filters in the first convolutional layer are 
connected to the colour channels of the input image. 
The activation maps are typically passed through a 
non-linear activation function, such as hyperbolic 
tangent, before further processing. Finally, a pooling 
operation, such as max-pooling.  
 
Pre-process: The pixels in the range of and are 
processed excluding the first 16 pixels in the bottom 
row. A location map is generated and the image 
histogram is calculated with counting the first 3 LSB 
bits of pixels in the bottom row.  
 
The extraction and recovery process:  1) On the 
recipient side, additional messages can be extracted if 
the receiver has the key KEMB. The marked 
encrypted image is separated to the Square set, the 
Triangle set and the Circle set again. With the 
embedding key, the recipient permutes pixels in each 
set independently, and divides the permuted sets into 
segments, each of which contains Li (i=1,2,3) pixels. 
Collect the bits of three LSB-layers in each segment 
and reconstruct the groups. The recovery operations 
are carried out by processing pixels except the 
excluded ones. The process of extraction and 
recovery is repeated until all of the split peak are 
restored and the data embedded with them are 
extracted.  
 
VI. IMPLEMENTATION RESULTS 
 
To improve re-identification performance, data 
augmentation was used during testing, as in [23]. To 
calculate the similarity-score between a given testing 
image and a given gallery image, features were 
extracted from 10 samples (the four corner crops, the 
centre crop, and their horizontal flips) of the testing 
image and gallery image. The similarity-score was 
then calculated as the mean Euclidean distance 
between the features of all one hundred test/gallery 
image pairs, where a smaller distance indicates two 
images are more similar 
 

 
Fig 2 uniform and texture invariant model output 

 

 
 
VII. DISTORTION ANALYSIS 
 
The large boost in performance could be attributed to 
the fact that each person has a unique identity, 
meaning the identification task involves predicting 
from a diverse set of labels, forcing the network to 
learn the subtle differences between the appearances 
of individuals, rather than simply performing 
verification by comparing image pairs. A further 
improvement, achieving the best performance, occurs 
when the verification, identification, and attribute 
labelling tasks are used together. Use of attribute 
labelling together with verification produces a large 
improvement in performance compared with 
verification used alone. 
 
CONCLUSION 
 
Attribute and Pose Classification: While the primary 
aim of using the auxiliary attribute classification tasks 
is to help improve re-identification performance, it is 
interesting to observe the network’s classification 
accuracy for these tasks, as they may have 
applications independent of person re-identification. 
In this work, we propose an approach for person re− 
identification by joint SIR and CIR learning. Since 
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SIR is efficient in matching, while CIR is effective in 
modeling the relationship between probe and gallery 
images, we fuse their losses together to utilize the 
advantages of both these representations. 
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