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Abstract: Intelligent video surveillance systems have been developed to monitor global areas and
find specific target objects using a large-scale database. However, person re-identification presents
some challenges, such as pose change and occlusions. To solve the problems, this paper presents an
improved person re-identification method using sparse representation and saliency-based dictionary
construction. The proposed method consists of three parts: i) feature description based on salient
colors and textures for dictionary elements, ii) orthogonal atom selection using cosine similarity to
deal with pose and viewpoint change, and iii) measurement of reconstruction error to rank the
gallery corresponding a probe object. The proposed method provides good performance, since
robust descriptors used as a dictionary atom are generated by weighting some salient features, and
dictionary atoms are selected by reducing excessive redundancy causing low accuracy. Therefore,
the proposed method can be applied in a large scale–database surveillance system to search for a
specific object.
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1. Introduction
Surveillance systems for person identification have
developed during the last few years from simple
monitoring into intelligent video analysis with massive
databases. From the original monitoring depending on
decisions by a manager about important information,
surveillance systems have developed into single camera–
based analysis systems that detect and track objects using
computer vision techniques. They identify space and timeconstrained objects with low accuracy from a video
captured by each camera. The camera network–based
approach solves the space limitation problem using
transmission of some messages between connected
cameras. However, it is difficult to decide if something is
the same object, when using two or more neighboring
cameras, if the cameras do not share the same ground
plane, and it is difficult to resolve time-independent object
identification.
Person re-identification techniques have been studied
to overcome spatio-temporal limitations on the basis of
massive databases with objects detected by multiple
cameras. They recognize the same objects although they

appear in two or more cameras that have respectively
different spaces and different time frames. For this reason,
it is possible to monitor a global area for an overall period
of time. However, re-identification presents many issues
when it comes to high performance, as shown in Fig. 1. All
cameras have different illuminance and resolution, and an
object may be captured in multiple cameras, but the shape
and pose are detected and displayed differently. In addition,
occlusion sometimes causes poor identification accuracy.
There are two approaches to solving these problems: 1)
feature description and 2) metric learning. A feature-based

(a)

(b)

(c)

(d)

Fig. 1. Challenging problems of person re-identification
(a) illumination, (b) low resolution, (c) pose change, (d)
occlusion.
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approach makes a descriptor using discriminative features
from other objects [1-5]. Hamdoun et al. proposed
speeded-up robust features (SURF)-based re-identification
using appearance information [6]. Farenzena et al.
proposed a feature extraction method to fuse three
complementary aspects: chromatic information, structural
information, and recurrent informative patches [7]. This
method achieves robust results for pose changes, different
viewpoints, and illumination changes. Zhao et al. reidentified a person using unsupervised learning to extract
saliency about the person [8]. This method calculates the
saliency of the patch using salience learning, and extracts
discriminative and reliable features after performing patch
matching with constraints in neighboring areas to solve the
misalignment caused by changes of viewpoint and posture.
Karanam et al. proposed dictionary learning that
discriminatively
and
sparsely
encodes
features
representing people. This method is suited to background
clutter and occlusion [9]. Matsukawa el al. presented a
descriptor combining color and texture by representing
local features of an image in a hierarchical Gaussian
distribution [10].
The metric learning–based approach obtains a proper
measurement method using machine learning to calculate
the distance between images obtained from other cameras
[11-15]. Weinberger el al. presented a method that learns
the Mahalanobis distance metric based on semidefinite
program [16]. It clusters training data belonging to the
same class. Sugiyama proposed a dimension-reduction
method that preserves the local structure of data in the
class and maximizes the separation between classes in
order to embed multi-modal data well [17].
In this paper, we propose a sparse representation-based
person re-identification method using a weighteddictionary-by-saliency map. After generating a saliency
map of an object representing discriminative features, the
proposed method extracts descriptors based on a color
histogram and a local binary pattern (LBP) in each object
image. And then, some elements of each descriptor are
weighted in the saliency map. The weighted descriptors are
used by a dictionary of sparse representation. Finally, a
sparse coefficient is estimated using a least absolute
shrinkage and selection operator (LASSO) [18],
determining identity with minimal residuals.
This paper is organized as follows. Section 2
introduces sparse representation theory and its application
to person re-identification. In Section 3, we propose sparse
representation with a saliency-weighted dictionary. Section
4 shows experimental results, and Section 5 concludes the
paper.

2. Theoretical Background
In this paper, we solve the matching problem of person
re-identification using sparse representation. Sparse
representation is used to recover or reconstruct signals
using a few atoms [19]. Generally, the signal
reconstruction problem using sparsity is defined by linear
combination as

y = Dα ,

(1)

where α represents the weight assigned as an N × 1
column vector, D , a pre-defined M × N dictionary with
N samples that have M-dimensional features, and y ,
reconstructed signals the same size as α . To satisfy the
sparsity, atoms of α should have a lower non-zero value.
In other words, y is generated by combining only a few
dictionary elements selected by non-zero atoms of α . For
this reason, given dictionary D , the problem in (1) is
modified to minimize the number of the non-zero atoms as
follows:
2

αˆ = arg min y − Dα 2 + λ α
α

0

(2)

where α̂ denotes the modified sparse vector, λ is a
regularization factor, ⋅
and

⋅

0

2
2

represents the l2 -norm operator,

the l0 -norm operator. In (2), α̂ ensures the

optimal reconstruction as the first term, since the error
between input signal y and recovered version Dα is
minimized. In addition, α̂ satisfies the sparsity condition
as the second term because of the computation of l0 -norm.
In terms of person re-identification, sparse representation
is used to measure the reconstruction error as a matching
rate.
Sparse representation-based person re-identification
methods have been researched for matching the error
between target and reconstructed object. Khedher et al.
presented a re-identification method using SURF
matching-based sparse representation [20]. It represents
target SURF by linearly combining a dictionary consisting
of existing images without learning. Liu et al. used semisupervised coupled dictionary learning to bridge the
variations in object appearance between cameras [21]. This
method learned a dictionary that minimizes the energy
function of reconstruction error and locality penalty.
Lisanti et al. proposed iterative re-weighted sparse ranking
[22]. This method applied a novel soft- and hardreweighting method to sparse representation. This aims to
remove the weight of a coefficient that contributes little to
reconstruct a given target. And the weight is redistributed
to other coefficients. In addition, in order to find the best
target, already ranked individuals are excluded in each
iteration. Compared with other re-identification–based
simple feature matching, sparse representation produces
good results.

3. Re-identification using a Weighted
Dictionary
The proposed re-identification consists of three parts: i)
feature description based on salient colors and textures for
dictionary elements, ii) orthogonal atom selection using
cosine similarity to deal with pose and viewpoint change,
and iii) measurement of reconstruction error to rank the
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first obtained for color descriptions from all blocks. Each
histogram consists of some representative colors, but is not
distinguished from others. To obtain the weighted color
descriptor, we first make the hue channel histogram, f sC ,
from each stripe region, and compute the weight with the
same size of the histogram as follows:

Fig. 2. Block diagram of the proposed method.

C
H
⎪⎧W ( b ) + W (u, v), if I s (u, v) ∈ b
WsC ( b ) = ⎨ s
C
Ws ( b ) ,
otherwise
⎪⎩

(3)

where I sH represents the hue channel of the s -th stripe,
WsC is the weight vector, b is the bin of the histogram, and
(u, v) the coordinates in each stripe. Therefore, each
histogram bin is modified by multiplying it by the
corresponding weight as follows:
f swC ( b ) = WsC ( b ) f sC ( b )

(4)

where f swC is a weighted color histogram of the s -th
stripe satisfying f swC ∈ R1× M C with the M C histogram bins.
Fig. 3. Flow map of weighted feature description in the
proposed method.

gallery corresponding to a probe object. Each part is
described in the following subsections.

3.1 Weighted Feature Descriptor
Generation using Saliency
Given some detected object images, the proposed reidentification method generates feature descriptors to
construct a dictionary for sparse representation. Many
feature description methods have been proposed to match
the same objects. However, the size of an object is very
small in an image, so fewer features are extracted,
although each object has one or more discriminative
features. To solve this problem, we extract a saliency map
to make the weighted descriptor. Saliency means a
relatively noticeable visual-perceptual characteristic of an
object. Therefore, it provides a more accurate matching
result between a probe and an object in a gallery set.
In this paper, we obtain the saliency map based on
unsupervised learning proposed by Zhao et al. [8]. This
method learns noticeable features of an object from all
elements of the gallery and probe using k-nearest neighbor
and one-class support vector machines. Since it uses dense
correspondence using a L*a*b* color–based histogram and
SIFT descriptor, the generated saliency map considers
illumination and viewpoint change. For that reason, it
represents the weight of each pixel.
Using the saliency map, the proposed method generates
a weighted feature descriptor, as shown in Fig. 3. We first
divide input image I and saliency map W into L local
blocks after Gaussian windowing to exclude the
background region. To match a probe with a gallery, a
color histogram in the hue saturation value (HSV) space is

Thus, each value of f swC is weighted by the saliency map,
as shown in the third column of Fig. 3.
Next, the proposed method generates a weighted
texture descriptor using local binary pattern (LBP) [23].
Texture provides the object’s internal pattern information
to distinguish it from objects having similar color
descriptors. For this reason, the weighted texture descriptor
is computed in each stripe region in the same manner as
the weighted color histogram, as follows:

f swT ( I sT (u , v) ) = WsT ( I sT (u , v) ) f sT ( I sT (u, v) )

(5)

where f swT denotes the weighted texture descriptor of the
s -th stripe satisfying f swT ∈ R1× MT with the M T bins, I sT
is the texture pattern computed by LBP at (u, v) , f sT is the
LBP histogram from each stripe region, and WsT is the
weight vector at the same size as f sT obtained in the same
manner as (3). Finally, total descriptor d ∈ R M of an
object is defined by aligning all stripe regions as
d = ⎡⎣ f1wC

f1wT

f 2wC

f 2wT

...

f LwC

T

f LwT ⎤⎦ .

(6)

3.2 Dictionary Construction
Given the weighted descriptors of all object images, the
proposed method constructs a dictionary to deal with pose
and occlusion. Existing re-identification methods make the
dictionary using a descriptor of all images or random
images or some consecutive images. But it requires
extensive computation time because of large dimensions
from the number of images. Also, performance is not
constant for random images. In addition, the descriptorbased saliency [8] does not consider the object’s pose with
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Fig. 4. Dictionary construction of the proposed method.

occlusion.
To construct the dictionary efficiently, the proposed
method selects some images with different characteristics
compiling multiple images of each object. The similarity
function between images is defined as
CosSimilarity =

d ip ⋅ diq
dip diq

,

(7)

where d ij represents the weighted feature descriptor of the
i -th person’s j -th image. In this method, a descriptor is
picked up for a dictionary element that has the lowest
similarity value on the basis of the first image randomly
selected. This process is repeated until the dictionary
elements for the number of predefined multi-shot images
for all objects are picked up. Fig. 4 shows the dictionary
construction result.
Consequently, i -th gallery Di ∈ R M ×n is defined as

Di = [d i1 d i 2 " din ] ,

(8)

where n represents the number of predefined multi-shot
images. Then, dictionary D ∈ R M × K is generated as
D = [D1

where N

D2 " D N ] ,

(9)

represents the number of galleries, and

K = ∑ i =1 ni is the number of descriptors. Finally, the
N

generated dictionary consists of various poses and
occlusion images with salient features.

3.3 Coefficient Estimation and Identity
Decision
To re-identify a probe from other galleries, the
proposed method obtains a sparse vector and computes its
reconstruction error. As mentioned above, sparse
representation recovers or reconstructs a signal using fewer
non-zero values. In the re-identification problem, it is used
to measure the matching error for a gallery decision
corresponding to the probe. To measure the reconstruction
error, (1) is modified as

Fig. 5. Process of identity decision with the proposed
method.

yˆ ≈ Dαˆ ,

(10)

where ŷ represents the reconstructed probe satisfying
yˆ ≈ D1αˆ 1 + D2 αˆ 2 + ⋅⋅⋅ + D N αˆ N ,

(11)

and αˆ = [αˆ 1 αˆ 2 " αˆ N ] ∈ R K is the estimated sparse
vector of a probe. In (2), we modify l0 -norm to l1 -norm to
solve the NP-hard problem. Therefore, (2) is also modified
as follows:
2

αˆ = arg min( y − Dα 2 + λ α 1 )

(12)

α

In this paper, we resolve sparse representation using
LASSO to find the optimal solution with efficient
computation. Finally, the proposed method searches the
optimal gallery using a reconstructed probe from the
estimated coefficient and D from N gallery images. To
obtain the reconstruction error of the gallery, we compute
the differences between the reconstructed probe and the
galleries, respectively. Fig. 5 shows the process of optimal
gallery selection for a probe.
Since the proposed method also uses multi-shot images
of a probe, one is selected as
ri = min y k − Di αˆ ik ,
k

(13)

where ri is the minimum reconstruction error of the i -th
gallery for a probe, and y k is the feature descriptor of the
k -th image in a probe.
After that, an index of the gallery corresponding to the
probe is determined as
c = arg min{ri }, i = 1, 2,..., N ,

(14)

i

where c represents the selected identity of the probe to reidentify.
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Table 1. Comparison of various feature descriptions.
Dataset
Rank

iLIDS-VID
1

5

10

Table 2. Comparison with dictionary construction of
atom selection methods.

20

Dataset
Rank

1

HSV

10%

24.6%

31.3%

41.3%

LBP

5.3%

17.3%

26%

38.6%

Sequential

HSV+LBP

16.6%

34.6%

43.3%

50%

Stride selection

Weighted HSV

14%

28.6%

37.3%

48.6%

Weighted LBP

8.3%

21.3%

28.6%

40.6%

Proposed dictionary
construction

Proposed descriptor

28.6%

47.3%

58.6%

66.6%

iLIDS-VID
5

10

14.6%

34%

43.3%

60%

20%

42.6%

53.3%

65.3%

28.6%

47.3%

58.6%

66.6%

Table 3. State-of-the-art comparison.
Dataset

4. Experimental Results
4.1 Datasets
In the experiment, we evaluated the proposed method
with a public dataset: iLIDS-VID [24]. In the dataset,
continuous images are captured from non-overlapping
cameras. The iLIDS-VID dataset contains image
sequences of 300 pedestrian pairs taken in a crowded
airport arrival hall. Specifically, it has some challenges,
such as background clutter, occlusion, plus viewpoint and
illumination changes.

4.2 Evaluating the Weighted Feature
Descriptor
To verify the performance of the weighted feature
descriptor, we measured the reconstruction error using all
galleries and the rank of the corresponding gallery of the
probe image using iLIDS-VID. We compared it with
various features, such as HSV, LBP, combined HSV with
LBP, weighted HSV, and weighted LBP. As shown in
Table 1, the proposed saliency-weighted feature
description improved by more than 12% in rank 1.
Moreover, the standard rank number is lower, and the rate
of the indexed rank is higher than others.

4.3 Evaluating Dictionary Construction
In the second experiment, we evaluated the impact of
the proposed dictionary construction method. In order to
compare performance under the same conditions as the
proposed method, we constructed dictionaries using some
sequential images and atom selection at a specific interval.
As shown in Table 2, the proposed method provided better
performance than the others. This implies that a dictionary
composed of images with the most different characteristics
influences the estimation of sparse coefficients.

4.4 State-of-the-art Comparison
We compare the proposed method with existing person
re-identification methods. As shown in Table 3, the
proposed method outperforms the other methods. Although
the sparse re-id (SRID) method has better performance
than our method only in rank 20, the proposed method
shows superior performance in ranks 1, 5, and 10.

20

iLIDS-VID

Rank

1

5

10

20

ISR [22]

10%

24.6%

31.3%

41.3%

eSDC [8]

5.3%

17.3%

26%

38.6%

LC-KSVD [25]

24.3%

38.5%

42.3%

47.3%

DVR [24]

23.3%

42.4%

55.3%

68.4%
68.8%
66.6%

SRID [9]

24.9%

44.5%

54.1%

Proposed method

28.6%

47.3%

58.6%

5. Conclusion
This paper presents personal re-identification using
saliency map-based weighted feature description and
sparse representation based on orthogonal dictionary atom
selection. Since the proposed method describes the
features extracted from an object using the saliency map of
the object, robust atoms are added to the dictionary. An
additional contribution of this work is to form the
dictionary by selecting gallery images with different
characteristics using cosine similarity. The experimental
results demonstrate the proposed method provides better
performance than existing feature descriptors and
constructions of a dictionary. As a result, the proposed
method can accurately re-identify a person under
challenging environments, such as pose variations and
occlusion, when compared against state-of-the-art methods.
Therefore, it can be applied to object retrieval across
cameras and video summarization for the same object.
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