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Abstract: The objective of this paper is to study the performance of human reidentifi-
cation based on multi-shot SURF and to assess its degradation according to the angular
difference between the test and reference video scene view angles. In this context, we
propose a new automatic statistical method of acceptance and rejection of SURF corre-
spondence based on the likelihood ratio of two GMMs learned on the reference set and
modeling the distribution of distances resulting from matching sequences associated
with the same person and with different persons respectively. The experimental results
show that our approach compares favorably with the state of the art and achieves a
good performance.

1 Introduction

Human re-identification has been a fast evolving research topic over the last years be-

cause of its diverse applications (subway stations, hospitals, shopping centers, etc.). Re-

identification is an important video surveillance task. In a camera network, and given two

cameras possibly having different scene views, if a person leaves the view of one camera

and reappears in the other, the re-identification system must be able to re-identify him/her

and continue monitoring. The performance of a human re-identification system can be

affected by several factors such as the variability of illuminations and diversity of viewing

angles: the subject may look different due to change in camera viewing angles and lighting

conditions.

Since re-identification is a recent research topic, a few existing studies are found. Methods

of re-identification can be single-shot based (one image is used to build a person signature

[GT08, ZGX09]) or multiple-shot based (multiple images are exploited to build a person

signature [GSH06, Ham10]).

Overall, methods of re-identification can be classified into two main approaches: appear-

ance approaches and local approaches. Appearance approaches commonly used in the

state-of-the-art include color and texture. These features may be combined for obtaining a

more representative descriptor [MTCar].
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Color is the most used appearance primitive, usually in the form of histograms, cumu-

lative histograms which are invariant to scale [BSM+10] or dominant color description.

Among color features, the Dominant Color Descriptor (DCD) [BCBT10] and the Ma-

jor Color Spectrum Histogram Representation (MCSHR) [MCP07] compute the recurrent

RGB color values used to represent a patch. [FBP+10] considers Maximally Stable Color

Regions (MSCR) representing a person by patches having a homogenous color. Among

texture features, [BCBT10] used the AdaBoost scheme to find out the most discriminative

Haar-like feature textural information set for each individual. [BSM+10] used the ratios

of colors, ratios of oriented gradients and ratios of saliency as textural features.

The second category of re-identification approaches is based on local features. It consists

of representing an image by local interest points. Several interest points detectors have

been considered (Harris [HS88], Harris-Laplace [MS04], and Fast Hessian [BETVG08]).

For interest point description, Scale Invariant Features Transformation (SIFT) [Low01],

Speed-Up Robust Features (SURF) [BETVG08], Shape Context [BMP02] and Gradient

Location and Orientation Histogram (GLOH) [MS05] are used. Interest points are em-

ployed in different fields such as object recognition [Low01], face recognition [BLGT06]

and pedestrian detection [SLMS05]. Geissari et al. [GSH06] extracted spatio-temporal

interest points described by color and structural information. Arth et al. [ALB07] used the

PCA-SIFT for re-identification in large networks of cameras. Hamdoun et al. [Ham10]

performed person re-identification by matching SURF interest points extracted at each

frame and accumulated through short video sequences and a KD-tree was used in order

to speed up the matching process. [JA10] used SIFT to build an Implicit Shape Model

(ISM). In [JA11], person re-identification is performed in three stages. In each of the first

two, matching serves as a filtering stage for the following one. A Bag of Words of SIFT

is used in the first stage. Spatial information is added in the second stage and SIFT are

used directly in the third stage. In this last stage, only filtered SIFT are used for matching.

Moreover, the authors detected the angle view of test sequence and applied a mirror trans-

formation to SIFT descriptors in order to convert the test view feature description into one

closer to training sequence feature description.

One of the main observations regarding state of the art re-identification methods is that

there is no approach systematically outperforming the others: each approach has its own

strengths and limitations. Color features are easy to extract and to exploit. The problem of

these features is that people may wear similar clothes and in this case color features will

be insufficient to discriminate people. However, they are useful when combined with other

features (Haar-Wavelets and DCD in [BCBT10]). In addition, these features are sensitive

to camera parameters and illumination conditions. In fact, differences in illumination

cause measurements of object colors to be biased towards the color of the light source

[Kvi11]. Texture-based approaches also may extract easily a rich information (encode

information of the entire frame). One of the main drawbacks of these approaches is their

sensitivity to the camera view. On the other hand, Interest Points are detected in a way

they are invariant to scale (like SIFT) or scale and rotation (like SURF). For two images

temporally close, we expect that the detected points have close positions in both images.

Visually, however, it is not the case, since interest points are not stable.
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The objective of this paper is to study the performance of person re-identification from

video sequences and its degradation depending on the reference and test view angles as

well as on their differences. To this end, we consider a re-identification scheme based on

local interest points, namely SURF, because of their relative robustness towards camera

view angle change. To overcome the instability of these points, we follow the multi-

shot re-identification approach using all images in order to increase the reproducibility of

interest points between two similar video scenes. Several works based on the multi-shot

approach have been considered [Ham10, BCP+10, BCBT11, BCPM12]). This work is

different from [Ham10, BCP+10, BCBT11, BCPM12] where each person is represented

by few frames.

To design a re-identification system based on interest points, the matching step is cru-

cial. Hamdoun et al. [Ham10] choose an empirically preset number of best matched

points between query and reference and use them in a majority vote scheme to validate

a re-identification. In [dOdSP09], two interest points p0 and p1 (p0 ∈ Reference and p1
∈ Query) are matched if d(p1, p0)<c d(p1,pi) ∀ pi ∈ Reference, where c is a preset co-

efficient c<1 and d(.,.) is the Euclidian distance. The two approaches above estimate

a threshold, empirically, during the matching process. In this work, we propose a new

method that avoids such an empirical setting and automatically accept/reject an interest

point pair according to a statistical modeling of distances between interest points.

The method is based on two Gaussian Mixture Models (GMMs) modeling the distribution

of distances between interest points associated with same person in the first case, and with

different persons in the second case. The decision to accept or reject a pair is then taken

upon whether or not the likelihood ratio between the two GMMs above is higher or lower

than one. To train the two GMMs, the reference video sequences can be conveniently

exploited as it will be explained in Section 2.3.

This paper is structured as follows. In section 2, we present the major stages of our re-

identification system. The experimental results of our approach are given in section 3. A

conclusion and a perspective are finally presented.

2 Person Re-identification System Description

Our approach basically consists of four stages: 1) Detection of the Region Of Interest

(ROI), 2) Feature extraction using SURF, 3) Interest Points matching and filtering using

GMMs and 4) human re-identification based on majority vote rule. The following figure

(Figure 1) shows the flowchart of our approach.

2.1 Detection of the ROI

Our approach takes as input the region of interest containing the human silhouette. The

detection of the ROI can be based on background subtraction or on a machine learning

method such as the one proposed by Dalal et al. taking as input HOG descriptor [DT05].
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Figure 1: Re-identification stages

In the database used for our experiments (CASIA-A Database), the background subtraction

result is available. Figure 2(a) shows a screenshot of an original image; Figure 2(b) shows

its binary silhouette and Figure 2(c) shows its ROI.

Figure 2: Figure 2: a) original image, b) binary silhouette, c) ROI image

2.2 Feature Extraction

State of the art shows that many interest points’ detectors and descriptors are used. Each

method differs from the others in terms of description, invariance criteria and running time.

Some evaluations of different Interest Points show conflicting results. In [Ham10], SURF

outperforms SIFT. However, in [BS11], GLOH and SIFT outperforms both Shape Con-

text and SURF. Our own evaluation of SIFT and SURF on CASIA-B database [CAS01]

showed that SURF outperforms SIFT. Hence, SURF is used in this paper. SURF descrip-

tors [BTG06] are the accompanying descriptors of the fast-hessian interest points’ detec-

tors [BTG06]. A SURF descriptor is computed as a sum of local intensity differences

within a 4x4 grid around the interest point. These intensity differences are calculated as

responses to first-order Haar-Wavelets. For illumination invariance, the descriptor is nor-

malized to unit length. Figure 3 shows the detected SURF points within a frame ROI.
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Figure 3: Feature extraction

2.3 Correspondence Acceptation/Rejection based on GMM

To develop a robust interest point pair matching for re-identification, it is important to set

a mechanism that is able to automatically discard any matched pair likely to be associated

with two different persons and to accept any matched pair likely to be associated with the

same person. To this end, we consider two Gaussian Mixture Models (GMMs): GMM1

modeling the distribution of distances between interest points associated with the same

person in the first case, and GMM2 modeling the distribution of distances between interest

points associated with different persons in the second case. The decision to accept or reject

a pair with distance d is then taken upon whether or not the likelihood ratio LR between

the two GMMs above is higher or lower than one.

LR =
P (d/GMM1)

P (d/GMM2)

The pair is retained if LR >1 and is discarded if LR ≤ 1. As shown, this decision mecha-

nism is automatic and no empirical threshold setting is needed.

GMMs is a probabilistic model which can approximate any distribution, given a sufficient

number of mixture components. It is a special case of the generative graphical Model

HMM (Hidden Markov Model) [Rab89] having one state. For the case where the co-

variance matrices are diagonal, the associated probability density function is defined as

follows:

p(x) =

G
∑

g=1

cg

F
∏

f=1

1
√

2πσ2
gf

exp

(

−1

2

(

xf − µgf

σgf

)2
)

where G is the number of mixture components, cg is the weight associated with component
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g, F is dimension of the feature vector x, and µgf and σgf are the mean and standard

deviation of x with respect to component g. GMMs are trained using the Expectation-

Maximization (EM) algorithm [DLR77].

In our case, both GMM1 and GMM2 are univariate and model distribution distances

between matched interest points. The likelihood of a distance d with respect to each GMM

is:

p(d/GMMi) =

G
∑

g=1

cgi
1

√

2πσ2
gi

exp

(

−1

2

(

d− µgi

σgi

)2
)

i = 1; 2

where µgi and σgi are the mean and standard deviation of component g for GMMi.

To train the two GMMs, the reference video sequences can be conveniently exploited as

explained below. The training of the two GMMs is performed on a reference database

consisting of 20 persons.

Each person provides one sequence for each of the six viewing angles (Figure 4). For each

combination of viewing angles in the reference database (angle1, angle2) (36 combina-

tions) and for each person ”P1” from the reference database, we apply the following two

steps:

1. Matching 1: We consider the two sequences of the person ”P1”, corresponding to

the two viewing angles (angle1 and angle2). Then, interest points of these two

sequences are matched and distances of correspondences are added to set Ssame

consisting of the distances resulting from matching sequences from the same person.

2. Matching 2: We choose, randomly, another person ”P2” from the reference database

and we select the sequence of ”P2” with view angle ”angle2”. Distances resulting

from the interest points’ matching between the sequence of person ”P1” with view

angle ”angle1” and the sequence of person ”P2” with view ”angle2” contribute to

set Sdiff consisting of distances resulting from matching sequences of two different

persons.

This strategy raises one issue: when angle1 and angle2 are equal, only one reference

sequence is available and Matching 1 is no longer possible. To overcome this issue, we

divide, in this case, the sequence into two sub-sequences, one containing the odd frames

and the other containing the even frames (in order to keep the temporal aspect of the video)

and perform matching between them in order to generate the data (distances) contributing

to Ssame. Although the number of interest points to be matched is halved in average,

this scheme allows us to estimate conveniently the distribution of distances resulting from

matching sequences of the same person with the same view angle even though only one

reference sequence is available.

After sets Ssame and Sdiff are generated in this way, the parameters of GMM1 and

GMM2 are estimated by considering a number of mixture components that is close to the

number of the view angles available in the re-identification dataset.
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2.4 Human Re-identification

Human re-identification basically consists of three stages. 1) matched pairs’ selection, 2)

GMMs decision and 3) majority vote decision rule. Given a test sequence and a reference

database, the objective is to assess whether a sequence from the same person as the test

sequence is within the reference database. The first step, matched pairs selection, consists

on the following scheme: for every interest point from the test sequence, the closest point

in the reference database is determined. In the second step, matched interest points are

filtered using the GMM-based likelihood ratio criterion as detailed in section 2.3. In the

third stage, the retained interest point pairs are submitted to the majority vote decision rule.

For each retained pair, a vote is added to the person associated with the reference interest

point. The person obtaining the majority of votes is claimed as the re-identified person.

3 Experiments and Results

3.1 Database

CASIA Dataset-A [CAS01] was created in 2001 and consists of 20 persons. Each person

has 12 image sequences, 4 sequences for each of the three directions, i.e. parallel, diagonal

and frontal to the image plane. This database is suitable for evaluation of multi view re-

identification because it includes people moving in the scene along 6 different directions:

0°, 90°, 135°, 180°, 270°and 315°(see Figure 4).

Figure 4: The CASIA-A dataset

3.2 Test Protocol and Configuration

For evaluation, two sequences are available for each walking direction. One is used as

reference and the other as test. For GMM-based likelihood ratio decision, two GMMs are
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learned on the reference database, as detailed in section 2.3; the number of Gaussians is 5

for each GMM. Re-identification performance is presented with the Correct Classification

Rate (CCR) defined by the ratio of the number of persons correctly recognized over the

total number of tested persons.

3.3 Results

In this section, we present the results of our approach based on SURF matching and cor-

respondence selection based on GMM likelihood ratio. Evaluation is performed for every

possible combination (test view, reference view). Since the database contains 6 test view

angles and 6 reference view angles, 36 experiments are performed. Results are shown

in Figure 5 and Table 1. Figure 5 shows re-identification performance according to the

angular difference between test view and reference view, regardless of the actual test and

reference view angles. Table 1 shows results for different combinations of reference views

(columns) and test views (rows).

Figure 5: Re-identification performance according to the angular difference between test view and
reference view on the CASIA-A Database

Figure 5 shows that re-identification is nearly perfect when test and reference views are

identical or symmetric (angular difference = 180°). This proves the robustness of SURF

matching for re-identification when reference and test sequences are similar. Moreover, re-

identification performance decreases with increasing angular difference. Performance is

better when test and reference share some visible part. For instance, considering the angle

”0°” as a reference angle, Table 1 shows that the best results are obtained for test view

”0°” and ”180°” (100% and 100%) then results decrease slightly with test view ”135°”

and ”315°” (90% and 100%) and then more significantly with test view ”90°” and ”270°”
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Table 1: Correct Classification Rate for different combinations of view angles on the CASIA-A
database.

Angle 0° 90° 135° 180° 270° 315°

0° 100 40 90 100 35 90

90° 75 100 100 75 90 95

135° 90 70 100 100 70 100

180° 100 50 95 100 30 85

270° 70 95 95 75 100 95

315° 100 60 100 85 70 100

(75% and 70%). This result is compatible with the example in Figure 4 where we can see

that view ”0°” is similar to view ”180°” and that it shares a common part with views ”135°”

and ”315°”; the shared part then decreases even further with view ”90°” and ”270°”.

Figure 6 compares our results with those of the approach in [JA11] based on Implicit Shape

Model and SIFT features (to the best of our knowledge, this is the only work reporting

results on the same dataset for human re-identification).

Figure 6: Re-identification performance comparison

Figure 6 shows that our method significantly outperforms [JA11], especially when ref-

erence and test view angles are different. This shows the robustness of SURF matching

under different view angles when the redundancy of whole reference and test video se-

quences is fully exploited for matching and a proper mechanism for rejecting/accepting

matched interest point pairs is considered.
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4 Conclusions and Perspectives

This paper has studied the performance of a multi-shot SURF based person re-identification

system and assessed performance degradation according to the angular difference between

test and reference video scenes. It proposed also an automatic method of acceptance and

rejection of SURF correspondence based on likelihood ratio of two GMMs learned on

the reference set, which avoids selection of matching SURF pairs by empirical means.

The results obtained in our experiments show the relative robustness of SURF for differ-

ent camera views when whole video sequences are exploited for effective interest point

matching. Our approach compares favorably with the only one work found in the litera-

ture using the same database [JA11].

In the future, we will investigate the task of feature combination. Specifically, the aim will

be to seek cooperation strategies of re-identification methods based on color, geometry of

the shape and interest points matching in order to optimize the re-identification perfor-

mance and/or select automatically the method suitable for each re-identification scenario.
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