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Abstract
Person re-identification is to match pedestrians observed from non-overlapping camera views.
It has important applications in video surveillance such as person retrieval, person tracking,
and activity analysis. However, it is a very challenging problem due to illumination, pose and
viewpoint variations between non-overlapping camera views. In this work, we propose a
viewpoint invariant method for matching pedestrian images using orientation of pedestrian.
First, the proposed method divides a pedestrian image into patches and assigns angle to a patch
using the orientation of the pedestrian under the assumption that a person body has the
cylindrical shape. The difference between angles are then used to compute the similarity
between patches. We applied the proposed method to real-time global multi-object tracking
across multiple disjoint cameras with non-overlapping field of views. Re-identification
algorithm makes global trajectories by connecting local trajectories obtained by different local
trackers. The effectiveness of the viewpoint invariant method for person re-identification was
validated on the VIPeR dataset. In addition, we demonstrated the effectiveness of the proposed
approach for the inter-camera multiple object tracking on the MCT dataset with ground truth
data for local tracking.
Keywords: Viewpoint invariance, person re-identification, global multi-object tracking,
non-overlapping cameras
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1. Introduction

With the purpose of security, e.g., for detecting and prosecuting crimes, the number of
cameras used for video surveillance is on an increase trend. Consequently, the demand of the
algorithms for intelligent video analysis is increasing because they can enhance the efficiency
and the effectiveness of video surveillance and support for crime prevention. Person
re-identification is the task to recognize a pedestrian who has been observed over a network of
cameras with non-overlapping views. It is an important problem because it can make
algorithms for intelligent video analysis applied to a single camera operate in non-overlapping
multiple cameras.
Although the interest in person re-identification is increasing and many proposals for person
re-identification have been proposed [22–31], no method that has satisfactory performance has
yet been proposed. This is mainly due to the difficulties and challenges of person
re-identification operating on a camera network with non-overlapping views. In particular,
there are significant viewpoint, pose, and illumination changes between non-overlapping
cameras, and they make person re-identification very difficult. Many existing approaches take
a patch-based method to re-identify persons invariantly to pose and viewpoint [1–4]. These
approaches divide pedestrian images into patches and extract features from each patch, then
the similarity between two images is computed using the similarity between the features of the
patches. These approaches have the pose and viewpoint invariant property because these
approaches are based on the local features of the local patches instead of the global features.
Nonetheless, these approaches are not viewpoint invariant enough since they can still give
wrong matching results when images of different pedestrians observed from different
viewpoints have similar appearances.
In this work, we propose a viewpoint invariant method for person re-identification using
orientation of pedestrian. Our proposed method enhances the viewpoint invariance of the
patch-based method by using the orientation of the pedestrian in the image. Assuming that a
person body is the cylindrical shape, the proposed method estimates angle of each patch based
on the orientation of the pedestrian. Then, patches have cylindrical coordinates and the
similarity between patches is computed not only based on features but also based on angles.
The proposed method shows the viewpoint invariant property by matching pedestrian images
based on exact coordinate of each local feature.
Furthermore, we deal with a practical problem of applying the person re-identification to
inter-camera multi-object tracking. In this work, the term global multi-object tracking is
defined to denote the tracking of moving objects across multiple camera views in a camera
network. In contrast, the term local multi- object tracking is defined to denote the tracking of
moving objects in a single camera view. Person re-identification algorithm makes local multiobject trackers (where each operates only for its designated camera) to be a global multiobject tracker (that operates for its camera network) by connecting local trajectories of the
same objects from local multiple object trackers to make one global trajectory. In order to do
this, we need to solve some issues that have not been dealt with in existing methods because
most existing methods consider still image dataset, but not video data in real scenarios. In
order to do this, we need to deal with two issues. The first one is to select pedestrian images
that are good for person re-identification among bounding boxes from the local trackers,
which is referred to as a sample selection problem. Suitable sample selection method is needed
because it is beneficial to use very useful some pedestrian images from all frames obtained by
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as local tracking results so as to reduce the processing time. The second one is to determine
whether the object observed in a camera network has ever appeared before. This problem is
called the novelty detection.
In this work, we propose a framework (for inter-camera multi- object tracking using person
re-identification) to handle the two problems. For the sample selection, we compute
confidence of each pedestrian image based on the ratio of three body parts consisting of head,
upper body and lower body. We used asymmetric axes in [5] to divide the three body parts
from a pedestrian image. Then, pedestrian images with high confidence for person
re-identification are selected. For the novelty detection, we use two Gaussian distributions [5]
which are computed based on the similarity of false matching and correct matching. When the
matching result of an object is given, if the probability of false matching is higher than the
probability of correct matching, the object is regarded as the novel object.
To this end, the main contributions of this work are in the following two aspects. The first
one is to devise a simple but effective viewpoint invariant person re-identification method
using the orientation of each pedestrian to exploit spatial location of each extracted feature on
a 3D body model. The second one is to propose a framework to handle global multi-object
tracking for multiple disjoint cameras with non-overlapping camera views by adopting the
proposed viewpoint invariant person re-identification approach facilitated by the novelty
detection and sample selection.
This work is organized as follows. Related work in the field of person re-identification is
introduced in Section 2. Section 3 describes the overall procedure and the detail of the
proposed viewpoint invariant person re-identification method. Then, Section 4 shows the
global multi-target tracking based on the person re-identification approach. Experimental
results that demonstrate the effectiveness of the proposed methods are reported in Section 5.
Finally, conclusions and future work are discussed in Section 6.

2. Related Work on Person Re-Identification
Most existing person re-identification methods [4–11] take the appearance-based approach by
using only images of an object taken from cameras. On the other hand, some other methods
[12–14] utilize not only the appearance but also spatial and temporal relationships between
cameras to improve the performance. The methods first learn spatial and temporal
relationships between cameras, and then the relationship information is used to predict the
location (on the camera network) where objects reappear. These methods can distinguish
objects that it is difficult to be discriminated from the other objects when appearance is solely
used, but there is an issue of how to learn spatial and temporal information between cameras.
2.1 Spatial and Temporal Relationship-based Approaches
In some existing methods adopting spatial and temporal information between cameras, object
tracking is used to model spatial and temporal relationship between cameras [12, 13]. To
describe a probability that an object appears with respect to time and position, a probabilistic
model between camera views is constructed. Also, illumination changes between
non-overlapping camera views can be overcome using brightness transfer function (BTF). By
clustering start/end points of object tracking, entry/exit zones are found [15] and visible links
and invisible links are estimated [12, 16]. Conversely, relationships between cameras can be
also obtained without object tracking [14]. First, patterns of pixels over time are analyzed.
Then, camera views are divided into regions, and connections between regions are estimated
based on the pattern analysis.
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2.2 Appearance-based Approaches
Appearance-based methods can be divided into (i) those that utilize novel feature descriptors
considering special challenges of person re-identification and (ii) those that deal with learning
algorithms for the distance metric. Appearance-based methods basically use the similarity
between feature descriptors extracted from images of objects for person re-identification. In
order to compute the similarity between two person images, feature descriptors are computed
from the images, and then the similarity between feature descriptors is calculated using an
appropriate distance metric. While the feature descriptor-based approaches focus on
constructing novel feature descriptors that are useful for person re-identification, the distance
learning-based approaches focus on learning to make distance metric more robust to
environmental changes between non-overlapping camera views.
The assumption that a pixel being more far away from symmetric axes of a person has a
higher chance of belonging to background is used in [5]. First, by comparing pixels in
foreground, two horizontal asymmetric axes (dividing a body of a person into head, upper
body and lower body) are extracted. Then, two vertical symmetric axes of upper body and
lower body are estimated. Next, a pixel that is closer to symmetric axes has a higher weight
value when features are extracted from an image. For the feature descriptor, weighted HSV
color histogram [5], maximally stable color regions (MSCR) [17] and recurrent
high-structured patches (RSHP) [5] are used. Body parts are detected using training data in [6].
Then, appearances are compared based on the body parts. Besides the color histogram that is
the most widely used feature, various features are used for person re-identification. For
example, Gabor filter is used in [7], and Haar-like feature and dominant color descriptor are
used in [8]. The patch match method is used in [4]. The patch match method divides a
pedestrian image into partially overlapped patches and matches feature of patches. Salience of
each patch is additionally estimated and patch match results are weighted based on saliences of
patches in [4]. Salience represents how useful a patch is for person re-identification, and
salience of each patch is learned using the k-nearest neighbor (KNN) or one-class support
vector machine (OCSVM). We use the patch match method without the salience learning and
additionally use angular coordinates of patches for the invariance to the viewpoint change.
Distance metric learning approaches train distance metric to make intra-class distance lower
than inter-class distance instead of applying equal metric to all values of a feature descriptor.
Existing metric learning methods include large margin nearest neighbor with rejection
(LMNN-R) [9], probabilistic relative distance comparison (PRDC) [10], RankSVM [11].
Discussion: Unlike the existing methods, for ensuring viewpoint invariance property, the
proposed method in this work compares local feature descriptors considering the position of
local feature descriptors. To do it, persons in images are represented by a cylindrical model,
and cylindrical coordinates of local features are then used in computing similarity between
local features.

3. Proposed Viewpoint Invariant Person Re-Identification
3.1 Overview of the Proposed Method
Appearance-based person re-identification system receives a pedestrian image to be identified
and outputs a ranked list by computing similarity between the input image and an image list
consisting of images of known persons. The person image needing to be identified is called the
probe. The image list consisting of images of known persons is called the gallery. To do person
re-identification, foreground is segmented from a pedestrian image. Next, the foreground is
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divided into a set of patches which consists of partially overlapped patches. Then, a feature
descriptor for each patch is made and an angle of each patch is estimated. The feature
descriptors and angles of patches are used in computing the similarity between pedestrian
images. Similarity between feature descriptors of different pedestrian images and difference
between angles of different pedestrian images are computed. Then, patches are matched
considering the similarity and difference at the same time. Patches are matched to patches with
high similarity and low difference. The similarity between images is obtained by averaging the
similarities of matched patches. Finally, the ranked list is made by sorting similarities in the
descending order. The overall procedure is depicted in Fig. 1.

Fig. 1. Overall procedure of the proposed method

3.2 Pedestrian Segmentation
Generally, pedestrian images for person re-identification are rectangles and include
background. For exact matching, it is required to segment pixels that belong to a pedestrian.
Deep decompositional network (DDN) [18] can be used for this purpose. DDN parses a
pedestrian in a still image using deep learning and it includes a phase distinguishing a person
and a background. Despite its promising performance, we did not adopt this due to its high
time complexity in computation. In a video, a pedestrian can be distinguished using
background subtraction and object detection. For this purpose, we use the mean-shift based
background subtraction method [10] due to its efficiency in terms of time. Fig. 2 shows an
example of the background subtraction result on the video.
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(a) Original image

(c) Background subtraction result
(b) Modeled background
Fig. 2. Background subtraction result

3.3 Orientation Estimation
The proposed method uses an orientation of a pedestrian image. The orientation of the
pedestrian is classified into 8 classes including 0, 45, 90, 135, 180, 225, 270 and 315 degrees.
In a video, we can get the orientation using two points on a trajectory of the pedestrian. The
direction of movement of the pedestrian is the orientation in the image under the assumption
that the person goes forward. In a still image, the orientation can be obtained by an existing
method. A pedestrian image is classified into 8 orientations using histogram of gradient (HoG)
in [19]. The assumption throughout this work is that orientations of pedestrians are given for
still images.
3.4 Division into Grid
A pedestrian image is divided into a set of grid cells. Each grid cell is called a patch, and grid
cells are partially overlapped. In this work, the grid step is 4 and the size of the patch is 10×10.
Then, an angle from an orientation vector of a pedestrian is estimated and a feature descriptor
is constructed for each local patch.
3.5 Patch Angle Estimation
An angular coordinate is an angle from the predefined reference direction. In this work, a
reference direction is an orientation of a pedestrian in an image. An angular coordinate of each
local patch is estimated as follows. We know a coordinate of each pixel on an image. Also, we
can compute the horizontal center of a segmented pedestrian along y-axis and the horizontal
distance between the center and the pixel. Thus, we can compute an angular coordinate of each
pixel by substituting a distance from the center into a circle equation given as
x2 + y 2 =
1.

Then, we convert Cartesian coordinate to polar coordinate using

(1)
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y

if x > 0
arctan x

arctan y + π if x < 0 and y ≥ 0

x


y
(2)
θ = arctan − π if x < 0 and y < 0
x

π
=
if x 0 and y > 0

2
 π
if x =
0 and y < 0.
− 2
Fig. 3 shows the examples of pedestrian segmentation, division into grid, and patch angle
estimation. The angular coordinate of each patch is presented using color. More details of the
patch angle estimation are depicted in Fig. 4.

Fig. 3. Examples of pedestrian segmentation, division into grid cells and patch angle estimation

Fig. 4. Examples of detailed patch angle estimation
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3.6 Feature Extraction
For each patch, color features are extracted as follows. We use both HSV and LAB color
spaces. The RGB image is converted to HSV and LAB images. Next, for each color channel,
histograms are constructed, normalized and concatenated to build one feature vector. In
addition, SIFT is also used as a local feature due to its scale invariance property. However,
SIFT feature is not added to the feature vector consisting of color histograms. Because SIFT
does not match the proposed method using the orientation according to results of our
experiments. But when SIFT was combined with the proposed method using the orientation by
the way explained below, it improved the accuracy. SIFT is used for the method that are the
same as the proposed method but don’t use an orientation of a person. Thus, the result of the
person re-identification by SIFT are obtained separately. Then, two ranked lists that are results
by color histograms and SIFT are combined.
3.7 Distance Computation
Distances between feature descriptors made from local patches are calculated to compute a
similarity between two pedestrian images. Distance between features is computed by
dist feat = 1- ∑

feat ( x) feat ′( x) .

(3)

x∈ X

Distance between two cylindrical coordinates is computed by
distcylind=

ρ 2 + ρ ′2 − 2 ρρ ′ cos(ϕ − ϕ ′) + ( z − z ′) 2 .

(4)

Based on this, difference between two angular coordinates is computed by
diff angle =
2 − 2cos(angle − angle′) / 2,

(5)

where angle′ and angle′ are angular coordinates of the two patches.
Local patches from different pedestrian images are matched to compute a similarity
between pedestrian images [4]. A local patch in an image is basically matched to another patch
that has the smallest distance. In the matching for the distance calculation, not all pair of local
patches are used. The local patches that are located vertically adjacent are matched in which
there are no horizontal constraints. This is because of an assumption that the pose variation of
a person is significant with respect to the horizontal direction but not significant with respect
to the vertical direction. In addition, difference between angular coordinates is considered for
viewpoint invariant matching. Local patches that are horizontally closer on the person body
have lower distance by considering angular coordinates. Thus, it is able to match local patches
based on their positions on the body. Distance between image I and image is computed by
averaging distance between patches of I and I ′ from the results of the patch matching. When
images are divided into M × N grid cells, distance between the patch on (m, n) and image I ′ is
computed by
 diff angle ( pm , n , pi , j ) + dist feat ( pm , n , pi , j ) 
,
dist patch ( pm , n , I ′ ) = arg min dist feat 


2
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(6)

where pi , j is the patch on the image I ′ and h is the range of the vertical constraint.
The similarities from patch matching are averaged and the resulting value is used to
compute the similarity between images. Finally, the similarity between two images is
computed as
simimg ( I , I ′ ) = e

 1 M N

−
dist patch ( pm ,n , I ') 
 MN

m
= 1=
n 1



∑∑

.

(7)

The similarities between the probe pedestrian image and the pedestrian images in the
gallery are computed and then the gallery is sorted based on the similarities. The results are
called the ranked list being an output of person re-identification.

4. Global Multi-Object Tracking using Person Re-Identification
4.1 Overall Procedure

Fig. 5. Overall procedure of global multi-object tracking

Global multi-object tracking is possible by matching the outputs of local object trackers using
person re-identification. Local object trackers track multiple objects on the single camera.
Person re-identification extends the range of single camera object tracking into the camera
network by matching outputs of object trackers. When object trackers detect a new incomming
object in the single camera, that object is determined as a novel object (that has not been seen
yet) for the camera network or a known object by person re-identification. If an object appear
in the camera network at the first time, the object is enrolled in the gallery and receives the new
identification (ID) number. If an object has appeared before, the object receives an existing ID
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number in the gallery. Also, sample selection is running for each frame to gather suitable
samples that are good for re-identification. The confidence levels for all bounding boxes from
local object tracking are computed and pedestrian images with high confidence levels are
saved. The overall procedure is depicted in Fig. 5. Any multi-object tracker that can give
bounding boxes of pedestrians can be used as the local object tracker because the proposed
person re-identification uses only pedestrian images. In this work, we use the ground truth for
the experiments.
4.2 Novelty Detection
For novelty detection, we need a training set including the ground truth having ID numbers of
persons. Two Gaussian distributions of similarities from correct matching and wrong
matching are modeled using the training set as used in [5]. An object detected by a local object
tracker can be determined whether it is a novel object based on the similarity of their matching
results. If the probability of wrong matching is higher than the probability of correct matching,
it is regarded as the novel object. Conversely, if the probability of correct matching is higher, it
is re-identified by receiving ID number enrolled in the gallery. Fig. 6 is the example of two
Gaussian distribution constructed using a training dataset.

Fig. 6. Two Gaussian distributions of similarity

4.3 Sample Selection
For sample selection, we estimates the confidence level of a pedestrian image based on a ratio
of body parts. To divide the pedestrian body parts, we use a silhouette partition method
proposed in [5]. In [5], the chromatic bilateral operator and spatial covering operator are
defined for silhouette partition. The chromatic bilateral operator is defined as
C ( i, δ ) ∝

∑ ( δ ( p , pˆ ) ) ,
2

i

i

(8)

B[i −δ ,i +δ ]

where δ is a vertical range, and pi and pˆ i are pixels located symmetrically to height i. This
means the summation of differences of pixel intensities that are vertically symmetric. The
spatial covering operator is defined as
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Jδ
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(9)

where J is the width and A is foreground area. This means difference of foreground areas. A
vertical axis dividing a pedestrian image into the head and the body is estimated by
=
iHT arg min(− S (i, δ )).

(10)

i

A vertical axis dividing the body into the upper body and the lower body is estimated by
iTL
=

arg min ((1 − C (i, δ )) + S (i, δ )).

(11)

i

Then, the pedestrian image is divided into three body parts including head, upper body and
lower body by these two axes and the confidence level is estimated using the ratio of the three
body parts. If the body is well partitioned, the image has high confidence. Finally,
well-segmented pedestrian image can be guaranteed through the sample selection. Fig. 7
represents an example of the results of the body partition.

(b)
(a)
Fig. 7. An example of the sample selection: (a) has a higher confidence level than (b)

5. Experimental Results
5.1 Viewpoint Invariant Person Re-Identification
To evaluate the performance of the proposed viewpoint invariant person re-identification
method, we used cumulative matching characteristic (CMC) [5]. CMC consists of accuracy at
each rank. Accuracy at any rank is estimated by counting the number of correct matched
images existing in any rank in the ranked list. Thus, CMC is an increasing function with
respect to the rank. Additionally, the normalized area under the curve (nAUC) [5] is computed
by normalizing the area under the CMC curve which represents overall performance with
respect to the rank.
We use Viewpoint Invariant Pedestrian Recognition (VIPeR) dataset [20] to evaluate the
accuracy of the proposed method. VIPeR dataset includes 632 pedestrian images, where for
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each pedestrian two images captured from different cameras are included. The size of images
is 128 x 48. It has significant illumination, pose and viewpoint changes. Some examples of
VIPeR dataset are presented in Fig. 8. Among 632 image pairs, randomly selected 316 image
pairs are used to compute CMC, and this is iterated 10 times. One of each image pair is
included in the probe set and the other is included in the gallery.

Fig. 8. Examples of VIPeR dataset

In this work, for comparative study, we compared the proposed method with the five other
methods. One is the method having the same procedure of the proposed method but without
orientation. This is called Patch Match (PM) in this work. The other is Symmetry-Driven
Accumulation of Local Features (SDALF) [5]. SDALF uses two color features and one pattern
feature that are extracted or weighted based on symmetric body axes. Other three methods
introduced in [4] were also used for comparison and they are called Sal_PM, Sal_KNN and
Sal_OCSVM in this work: 1) Sal_PM is patch match method not using salience learning, 2)
Sal_KNN is a method using KNN for salience learning and 3) Sal_OCSVM is a method using
OCSVM for salience learning. Six methods are iteratively tested for 10 times by using the
same randomly picked subsets of VIPeR dataset.
The performance was depicted in Table 1 (where the boldface in columns indicates it
achieved the best performance) and Fig. 9. From the results, we can see that the proposed
method achieved Rank-1 accuracy of 24.49% and nAUC of 88.95% in Table 1. Compared to
the other methods, the proposed method achieved the best performance: 1) compared to
SDALF it achieved increased accuracy of 9.14% on the rank 1 and increased nAUC of 2.67%,
2) compared to Sal_PM, it achieved increased accuracy of 6.69% on the rank 1 and increased
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nAUC of 2.52%, 3) compared to Sal_KNN, it achieved increased accuracy of 2.53% on the
rank 1 and increased nAUC of 0.69%, 4) compared to Sal_OCSVM, it achieved increased
accuracy of 2.12% on the rank 1 and increased nAUC of 0.67%, and 5) compared to PM, it
achieved increased accuracy of 0.95% on the rank 1 and increased nAUC of 0.97%.
Table 1. Performance in terms of accuracy (%) and nAUC (%)

Method

Rank 1

Rank 5

Rank
10

Rank
20

Rank
50

Rank
100

nAUC

SDALF

15.35

35.09

44.46

57.37

73.89

85.66

86.28

Sal_PM

18.80

37.59

48.80

60.92

75.66

84.62

86.43

Sal_KNN

21.96

40.85

51.77

62.22

76.77

86.46

88.26

Sal_OCSVM

22.37

42.91

52.97

64.11

77.53

86.14

88.28

PM

23.54

43.67

54.62

64.87

79.33

85.03

87.98

24.49

45.44

57.06

66.80

79.02

86.27

88.95

Proposed
Method

Fig. 9. Performance in terms of nAUC.

Table 2 shows the performance according to the gallery size indicating the number of
pedestrians to be compared. The gallery size gives the significant effect to the performance
because as the gallery size increases the complexity for similarity comparisons also increases.
Experiments for various gallery size were implemented using the random subset of VIPeR
dataset. Also, each experiment is iterated 10 times. As we can see from Table 2, the
performance is still not good although the gallery size is small. This is because VIPeR dataset
includes image pairs with very serious illumination variations. Thus, for the case, the
appearance-based model has some limitations as the other general methods.
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Table 2. Performance (%) according to the different gallery sizes.
Proposed
Method

10

20

30

50

100

66.47

56.70

51.50

44.83

35.94

5.2 Global Multi-Object Tracking using Person Re-Identification
NLPR MCT dataset [21] consists of videos from non-overlapping camera views. This
dataset consists of four sets of videos from different camera networks. Datasets 1 and 2 were
from the same camera network consisting of three non-overlapping camera views, and datasets
3, 4 were from different camera networks. Datasets 1 and 2 were obtained from three camera
views, dataset 3 was obtained from four camera views and dataset 4 was recorded from five
cameras. Each dataset has different illumination, pose and viewpoint variations. All videos of
each dataset were synchronized. Thus, all videos begin and end at the same time. Also, ground
truth including positions, sizes for every frame and identification number of each pedestrian
that appears in the videos is provided. It can be used for evaluation of multi-camera
multi-object object tracking.
We used datasets 1 and 2 to evaluate the proposed method. The layout and the field of view
of datasets 1 and 2 are depicted in Fig. 10 and Fig. 11, and specification is described in Table
3. Dataset 1 was used to learn a threshold for the novelty detection and dataset 2 was used as
the test dataset.

Fig. 10. The layout of three cameras [21]

Fig. 11. The field of view of each camera [21]

The experimental results are shown in Table 4. The performance of global multi-object
tracking is evaluated in two cases. Novelty detection is to recognize an object appearing in the
camera network for the first time. Re-identification is to match an object in the gallery that is
not a novel object. In Table 4, we compute the novelty detection rate and re-identification rate,
respectively. Also, we noted overall performance meaning the performance with the two cases
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of novelty detection and re-identification. We compared the proposed method with SDALF.
As we can see from Table 4, by increasing both the performance of novelty detection (up to
24.4%) and re-identification (up to 10.46%), the overall performance is increased to 19.10%.
Table 3. Specification of the NKPR MCT dataset

Dataset 1

Dataset 2

Duration

20 min

20 min

Resolution

320×240

320×240

Frame rate

20 fps

20 fps

Number of persons

235

255

Format

avi

avi

Codec

MPEG-4(Xvid)

MPEG-4(Xvid)

Table 4. Performance in terms of accuracy (%) on the NLPR MCT dataset

Method

Novelty Detection

Re-Identification

Overall

SDALF

58.00

33.33

48.64

Proposed Method

82.40

43.79

67.74

6. Conclusions and Future Work
In this work, we proposed the viewpoint invariant person re-identification method. The
proposed method uses angular coordinates of local patches in a pedestrian image to be
matched with local patches in the other pedestrian image. Concerning difference between
angular coordinates of patches matched in the images, the similarity of patches is compared
based on the position on the body. In order to this, pedestrian segmentation is done first and
pedestrian orientation is estimated. Then, the proposed method divides pedestrian images into
locally overlapping patches and the angular coordinate is estimated for each patch. Finally,
patch matching is carried out by considering difference between angular coordinates to
compute the similarity between different pedestrian images. We also applied the proposed
method to a practical application of global multi-object tracking across non-overlapping
cameras. Especially, for realizing a global multi-object tracking system the two main
difficulties, sample selection and the novelty detection, are properly handled. Samples are
selected when they have high confidence that is computed using the ratio of body parts. The
novelty detection is implemented based on two Gaussian distributions with respect to the
similarity between pedestrian images. Two Gaussian distribution are constructed using
similarities of correct matching and wrong matching on the training set. We compared the
proposed method with some existing methods to verify the significance of this work. The
experiments performed on the VIPeR dataset (for person re-identification) and NLPR MCT
dataset (for global multi-object tracking). From the experimental study, we verified that
proposed method could make significant improvements compared to the existing methods in
terms of the accuracy. In this work, for person re-identification, LAB color histogram, HSV
color histogram and SIFT features are used. We finally acknowledge that the impetus of this
work is to verify the effectiveness of adoption of the estimation of the orientation of each
pedestrian to spatially localize each extracted feature but not to compare our proposal with

2090

Gwak et al.: Viewpoint Invariant Re-Identification of Persons for Global Multi-Object Tracking

state-of-the-art approaches such as [26, 28, 30], where the spatial location of a cylindrical
model is exploited during the feature matching and distance computation.
As the future work, more various and sophisticated features with distinctive properties can
be incorporated to the features to increase the accuracy. Also, dimension reduction algorithm
can be used for better time complexity by reducing dimension of features. Since the proposed
method is based on the patch-based approach, other patch-based methods (e.g., distance metric
learning) can be combined with the proposed method. For multi-camera multi-object tracking,
there is the issues of how to obtain the training set to estimate a threshold for the novelty
detection. Thus, the methods to compute a more generalized threshold and to gather robust
training set automatically can be researched for improving the performance of the novelty
detection. Finally, exhaustive comparative study with other state-of-the-art approaches is
essential by adopting such traits in our proposed framework.
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