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Abstract: Video surveillance has become a necessary tool
for monitoring a public places. Automation of the video
surveillance is the current need, as it a tough task for the humans
to monitor the surveillance video continuously. Also searching a
person from a bulk of videos is not an easy job. Person
re-identification is a step taken towards to make the video
surveillance an automated one. Person re-Identification is a task
of matching the identity of a person captured by different cameras
in the network at different places and times. The cameras used for
surveillance are located at a much higher position than the person
so that the conventional method of face recognition is not used for
identification of the person. The images of the same person may
differ based on the qualities of different cameras (resolution
changes), or due to different lighting conditions (variation in
illumination) or due to posture changes. Recently sparse based
classifier is used in person re-identification and is effective in
handling in illumination variation and occlusion. But sparse
based decomposition method is not computational efficient. This
leads to the development of the person re-identification method
based on Reduced Dictionary Sparse representation based
Classifier (RDSC). This is done with 2 steps: (i) Similarity score
for reduction of the gallery; (ii) Sparse basis expansion of targets
in terms of reduced gallery. The proposed method is both
computational efficient and creates better outcomes.
Keywords —
Video surveillance systems, Person
re-identification, Sparse Classifier, Reduced dictionary.

I. INTRODUCTION
In video surveillance systems, numerous cameras are
used to observe a place. The person re-identification process
is recognizing the particular person from one camera view
with the images captured by other non-overlapping cameras.
This task is highly challenging since the images of the same
person captured at various places and times vary notably.
When re-identification is performed manually, it requires a
laborious effort but still
remains inaccurate. With the increase in the use of video
surveillance in public places, the interest in automated
re-identification is growing. In the conventional technique,
face recognition is utilized for identifying person, but this
method is not possible as it is very difficult to get the details
required for extraction of face features. Alternatively, other
visual features like clothing, objects associated can be used
for re-identification. But, still the visual appearance features
remain very weak due to a number of reasons. Firstly, the
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cameras used for surveillance are fixed at a distance and the
environment to be captured is highly uncontrollable.
Secondly, when two or more different cameras are used, it is
hard to fix the transit time between the cameras, as it varies
from person to person. Thirdly, it is difficult to identify the
person in terms of features extracted from clothing because of
the possibilities of same color clothes wear by many people.
In addition, some other significant reasons such as, the
variations in lighting conditions, view angles, occlusion, and
background clutter. In the person re-identification task, image
of the person who needs to be searched across the camera
network is called the probe image and the collection of images
from which image has to be searched is called the gallery
images. Person re-identification is executed using two
different strategies such as single and multiple-shot
approaches. Based on the number of images known in priori
in gallery and probe sets, there are three modalities such as the
single-versus- single (SvsS), the multi-versus-single (MvsS),
the multi-versus-multi (MvsM). The SvsS modality has the
single instance for individual person in the gallery and the
single instance for entire person in the probe set. The MvsS
modality has single set of many instance for individual person
in the gallery, and a single instance of the entire person in the
probe set. The MvsM modality has a collection of multiple
instances for entire person in the gallery, and a collection of
many images of each person in the probe set.
II. RELATED WORKS
A. Submission of the paper
In recent years the field of person re-identification has
gained attraction among the researchers working with
computer vision. This section briefly describes the survey of
the works in the field of person re-identification. The works
on person re-identification can be broadly categorized as 2
groups [26].The first group is based on the features and
second group is based on learning.
Many research works were done on effective extraction
of visual features from the person‟s image and its
representation. The commonly used features are colour
histograms of various colour spaces like RGB, HSV [1]-[5]
and texture feature [6] – [11]. O. Hamdoun, et al. [12] used
SIFT [13] feature and X. Liu,et al. [14] used SURF features
for extracting the texture features. Bak, et.al [15] used
Haar-like features [16], for person re-identification which are
effectively used for face
detection.
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The other group of researchers concentrated in
building models which are based on metric learning. The
learning based methods aims to minimize intraclass
variation and maximize the interclass variation. Kostinger
, et al. [17] proposed Keep it simple and straight forward
(KISS) metric learning which is a effective technique for
person re-identification. But this method is not very
efficient when the dataset is small as estimating the co
variance matrix is performed using maximum likelihood
estimation. To overcome this problem Dapeng , et al. [10]
proposed a method namely MCE-KISS (Minimum
Classification Error Based Keep It Simple and Straight
Forward) which performs better than [17]. Zheng , et al.
[18] proposed RDC (Relative Distance Comparison)
which finds relative distance among the images. The
matching image pairs will have relatively small distance
when compared to wrong match pair of images. Liu , et. al
[19] proposed a new metric learning algorithm which
changes the adjustable margin if the scale changes.
Sparse based representation is gaining popularity
because of its successful performance in computer vision
task like face recognition, image restoration and object
tracking. Masi, et.al [20] introduced a sparse based
re-identification technique which ranks all the targets
using reweighting approach. Mirmahboub, et.al. [21]
introduced a novel person re-identification technique
based on sparse representation and manifold learning.
This technique extracts the discriminant feature from the
images of a person captured in different shots. Kim, et.al.
[22] introduced sparse representation using colour name
as descriptor. He used colour histogram matching for
gallery reduction and reduced amount of calculations
significantly. Li, et.al. [29] used sparse method for
multishot person reidentification .The work explores the
knowledge about similar probe images having same
identity and are coded in the same dictionary.

Figure 1: The proposed re-identification architecture
A. Feature extraction
We have used a descriptor as specified in [20]. The
input target image is measured to a size of 64 x 128 pixels, and
in order to develop a spatial pyramid the image is separated
into overlapping horizontal stripes of 16 pixels in height.
Hue-Saturation (HS) and RGB histograms are extracted from
each stripe. Then concatenate a Histogram of Oriented
Gradient (HOG) descriptor. The HS histogram contains 8 x 8
bins and RGB has 4 x 4 x 4 bins. The HS and RGB histograms
are gauged for the 15 levels of the pyramid. Totally it has
1,920 Color histogram bins. HOG has several blocks where
each block has 2 X 2 grid cells of 8 X 8 pixels. For every cell
the gradient histogram is computed over four angular bins for
each HOG block. The final descriptor is of size 2,960.
B. Reduced Dictionary Sparse representation based
Classifier (RDSC)
The ultimate purpose of sparse modelling is to
construct efficiently a dictionary which is learned from the
training data. Let there are be adequate number of training
samples, A=[ ai,1 ;ai,2; …. .ai ,ni ] belonging to some class i. If Y is
the test sample belonging to the same class, it should be lying
in the linear span of the given training samples, the solution of
which may be exactly as given by (1).

III. PROPOSED PERSON RE-IDENTIFICATION
METHOD
The proposed Reduced Dictionary Sparse
representation based Classifier (RDSC) based person
reidentification algorithm consists of two steps: (i) Similarity
score for reduction of the gallery; (ii) Sparse basis expansion
of targets in terms of reduced gallery. Fig. 1 illustrates the
flow chart of proposed person re-identification algorithm.

y  a i ,1 xi ,1  ai ,2 xi ,2  ai ,.ni ; xi ,ni
=

(1)
(2)

 Ai x i
(3)
In Eq. (1), (2), and (3), Ai represents the matrix of basis
vectors for class i and xi represent the vector of reconstruction
coefficients related to class i. The sparse vector x* can be
estimated by l1 regularised least squares problem [23] , [24] as
follows:
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x*  arg min{ y  Ax
x

2
2



x 1}

4. Compute the residuals:

(4)
for i=1,2….c;

where x* represents the modified sparse vector, λ is a
regularization factor,

represents the l 2 norm operator,

and
represents l1 norm operator. In (4), x* ensures
the optimal reconstruction as the first term, since the error
between input signal y and recovered version Ax is
minimized. Also, x* satisfies the sparsity condition as the
second term is l1 -norm. In terms of person re-identification,
the developed technique searches the gallery using a
reconstructed probe from the estimated co-efficient and
dictionary A of gallery images. A is the dictionary which
consist of all gallery images. When A is large in case of real
time databases, this optimization problem becomes
computationally intensive. It is highly desirable to minimise
the size of Dictionary A. We propose a Reduced Dictionary
sparse representation based classifier (RDSC) in which the
dictionary is reduced using similarity score based on
Euclidean distance measurement.
This technique initially reduces the size of a gallery
by checking the features of a probe person and gallery people
based on Euclidean distance. Then in the next step, it similar
to the probe person with reduced gallery based on sparse
representation method. The major advantages of the proposed
algorithm are that it can control the re-identification error
with the help of a reduced gallery as well as the computation
complexity. In addition, since sparse representation is used,
it can be robust for illumination and occlusion.
The normalised reconstruction error is calculated by the
following formula:
(5)
For ranking the gallery images the value of the normalised
reconstruction error is observed with e i< 1. When ei value is
the smallest, the gallery image is given first rank. The gallery
image with first rank most likely represents the correct image.
The reconstruction error is utilized for ranking the other
gallery images.
Algorithm 1 shows the procedure of the proposed method
Reduced Dictionary sparse representation based classifier
(RDSC):

5. Output: label (y) = arg min ei (y)

IV.

EXPERIMENTAL RESULTS

4.1. VIPeR Dataset:
We used, the viewport-invariant pedestrian recognition
(VIPeR) dataset [25] for our experiments. It contains 632
person images which are captured with the help of two
non-overlapping cameras. Here, viewpoint changes can be
observed up to 180 degrees from image pairs and illumination
changes that result in large intra-class variations. In the
datasets, two samples of each person is maintained (one from
each view); this is utilized for SvsS re-identification process.
The images are normalised to 128 x 48 pixels. The total
images are 1264 which are varied in lighting conditions,
viewpoints and back ground clutter, thus making it a
challenging dataset. The total number of images is randomly
divided into two groups for training and testing. The set „cama‟ contains testing images (Probe images) and the set „cam-b‟
contains training images (Gallery images).
4.2 State-of-the-art Comparison
We compared our results with the other methods and obtained
better results.Fig.2 exhibits the results obtained from our
experiment. It shows the query probe image on the left and the
corresponding top 10 ranked gallery images on the right
.From the Fig.2 we could see the correct matches for the probe
image in the gallery images were found in the first few ranks.
Fig.3 provides the results of our proposed algorithm RDSC
under different challenging conditions.Fig.3. (a) Provides the
results our proposed algorithm under various illumination
conditions. Fig .3. (b) Provides the results for case of
occlusion. Our algorithm finds the correct match within top
10 ranks.

Algorithm 1: Reduced Dictionary sparse representation based
classifier (RDSC)
1. Input: Given training data of gallery images A ∈ R mxn
belonging to i classes, test sample of probe image y ∈ R
m

2. Compute the reduced dictionary P ∈ R
distance measurement.

dxm

using Euclidean

3. Use the reduced dictionary for sparse representation:

x*  arg min{ y  Px
x

2
2



Figure 2: The left column displays the probe image and to
the right are the 10 top-ranked candidates. Highlighted
box represents the correct match.

x 1}
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4.3

Comparison with different dictionary sizes:

We also performed experiment to compare the performance
of proposed method RDSC using dictionary sizes 25%, 50%
and 10% of total number of features. The dataset VIPER
contains 632 training images. Other sparse based method [20]
used all training image features for dictionary but our
proposed method obtained better result with dictionary size of
316 features which is 50% of total training features .These
results are shown in Fig. [5].
(a)

(b)
Figure 3: Results for proposed method for 10 top-ranked
candidates under challenging conditions. (a)Illumination
changes (b) Occlusion
The proposed re-identification methods are compared with
existing person re-identification methods SDALF [26], ELF
[25], ISR [20], PRDC [27], and PRSVM [28]. From the
experimental comparisons by cumulative match curve Fig [4],
we infer that the proposed method provides better results than
other methods. Our method outperforms state of art methods
within 50 ranks. Table 1 enables the comparison of the
ranking methods namely SDALF, ELF, PRSVM, PRDC, ISR.

Figure 5: Performance comparisons on VIPeR dataset
using proposed method with different dictionary size
IV.

CONCLUSIONS

In this paper, we introduced a new method for person
re-identification known as Reduced Dictionary Sparse
representation based classifier (RDSC). The proposed
method provides good quality performance, as robust
descriptors are used as a dictionary, but with reduced
computation cost. Also, our method finds the correct match
for the probe image in gallery images within first few ranks
even for partially occluded and illumination variations. The
dictionary is efficiently constructed using similarity score
based on Euclidean distance. Therefore, the proposed
“Person Re-identification Based on Reduced Dictionary
Sparse Classifier” method can be applied in a large scale
person re-identification database to search for a specific
person.
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