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ABSTRACT

Person re-identification is an important and challenging

computer vision problem. Recent progress in this area is

due to new visual features and models that deals with cross-

view variations. Instead of working towards more complex

models, we focus on low level features and their encoding.

Low level features capturing the color and structural informa-

tion are first extracted from human images. Gaussian Mix-

ture Model (GMM) is then employed to approximate the dis-

tribution of the features, providing a relatively comprehen-

sive statistical representation. Finally, low level features are

mapped to a space by computing free energy score of the

GMM. The mapped features are encoded into a fixed-length

feature vector for person re-identification. Extensive exper-

iments are conducted on several public datasets. Compar-

isons with benchmark person re-identification methods show

the promising performance of our approach.

Index Terms— person re-identification, appearance mod-

eling, Gaussian Mixture Model, free energy score space

1. INTRODUCTION

Recent studies on person re-identification have concentrated

on the appearance based methods. In this situation, it is as-

sumed that individuals do not change their clothes among dif-

ferent sightings. Two lines of research have been pursued

here. On one hand, there are learning based methods, irre-

spective of the image representation [1, 2, 3, 4, 5, 6, 7, 8].

An ensemble of localized features has been proposed in [1].

Instead of characterizing human appearance by a specific fea-

ture, a machine learning algorithm was used to construct a

model by combining spatial and color information. The re-

identification has been reformulated as a ranking problem in

[4]. An informative subspace was learned in which the po-

tential true match gets highest ranking. PRDC [2] formu-

lated person re-identification as a probabilistic relative dis-
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tance comparison problem, which aims to maximize the prob-

ability that a pair of true match has a smaller distance than

that of a wrong match pair. In [8], a transferred metric learn-

ing framework was proposed to learn a specific metric for

every query-gallery pair. In [3], image spaces of two cam-

era views were partitioned into different configurations and

a specific metric was learned in the locally aligned common

feature space. Learning based methods may suffer from gen-

eralization problems. When new targets enter, the model has

to be re-trained and updated.

The other big branch of appearance based methods is ap-

pearance modeling, producing a discriminative and invariant

representation for human images [9, 10, 11, 12, 13, 14, 15,

16]. The SDALF method [9] combined weighted color his-

tograms with maximal stable color region descriptors and re-

current local color patches, setting the state-of-the-art perfor-

mance on several benchmark datasets. A similar proposal

[10] was to combine color histograms with epitome - highly

informative patches from a set of images to enhance appear-

ance representation. Pictorial structure was adopted in [11]

to finely localize the human body parts, obtaining distinctive

features for matching signatures of individuals. Fisher vector

was employed in [13] to encode higher order statistics of lo-

cal features using generative information. In [14], a descriptor

combining Gabor filters and the covariance descriptor was de-

veloped to handle illumination changes and background vari-

ations. In [15], part-based models were adopted to handle

pose variation.

In this paper, we propose a new appearance modeling ap-

proach for person re-identification. We extract low level fea-

tures to capture color and structural cues of an image. These

low level features are mapped to a score space based on the

free energy score [17] measure of Gaussian Mixture Model

(GMM). GMM approximates the generation process of the

low lever features, providing a good representation of the data

distribution. Free energy score space (FESS) [17] feature

mapping measures how well a sample fits a random variable

and how uncertain the fit is and produces discriminative in-

formation. Finally, this information is encoded into a fixed-

length feature vector for person re-identification.
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2. FREE ENERGY SCORE SPACE ENCODING

In this section, we detail our person re-identification approach

by computing FESS of GMM. First, low level features are

extracted from the input images. Second, GMM is employed

to model the distribution of the low level features. Finally,

discriminative information is first obtained by FESS mapping

and then encoded into fixed-length feature vector for person

re-identification.

2.1. Low Level Image Feature

The input images corresponding to human detection or track-

ing results are divided into 3 × 4 blocks. Low level features

are extracted from the HSV color space using the 7-d feature

vector proposed in [13]:

f(x, y, I)

= (x, y, I(x, y), Ix(x, y), Iy(x, y), Ixx(x, y), Iyy(x, y)).
(1)

This simple feature vector contains the pixel coordinates,

raw pixel intensity value in the corresponding color channel,

and the first-order and second-order derivatives with respect

to pixel coordinates.

To extract discriminative information from the low level

features, we propose a mapping method by calculating FESS

[17] of the GMM. FESS is a generative model that derives

feature maps based on the log likelihood function of a model.

The lower bound of log likelihood (see Eq. (7)) is expanded

according to the random variable, and each resulting term be-

comes a feature map. FESS has been successfully used in

various vision tasks [17, 18, 19]. We transform the low level

feature vectors based on this mapping to obtain discrimina-

tive information for person re-identification. The generative

model in our method is GMM as it has been widely used in

modeling the distribution of image features [20].

2.2. Gaussian Mixture Model

Let x ∈ RD be the observed random variable. In our con-

text of person re-identification, x denotes the low level image

features. Let z = {z1, · · · , zK} be a set of K hidden vari-

ables. Where zk = 1 indicates that the k-th mixture center is

selected to generate the sample x and zk = 0 otherwise. The

prior distribution of z is typically chosen to be:

P (z) =
K∏

k=1

azkk , (2)

where a = (a1, · · · , aK)T is the mixture prior satisfying

ak = EP (z)[zk].
Letμk andΣk be the mean and variance matrix of the k-th

mixture center respectively. Here we assume that the covari-

ance matrices are diagonal. We do this for two reasons: (1)

a weighted sum of Gaussians with diagonal covariances can

approximate any distribution with an arbitrary precision; (2)

the computational cost of diagonal covariance is much lower

[20]. We use the notation Σk = diag(σ2k1, · · · , σ2kD). Then
the distribution of x conditioned on the hidden variable z can

be written as:

P (x|z) =
K∏

k=1

N(x;μk,Σk)zk

=

K∏

k=1

[
1

(2π)
D
2 |Σk| 12

exp{−1

2
(x− μk)

TΣ−1
k (x− μk)}]zk

(3)

The joint distribution of GMM can be formulated as:

P (x, z|θ) = P (x|z)P (z)

=
K∏

k=1

[
1

(2π)
D
2 |Σk| 12

exp{−1

2
(x− μk)

TΣ−1
k (x− μk)}]zk

K∏

k=1

azkk ,

(4)

where θ = {ak,μk,Σk}Kk=1 are the parameters of the distri-

bution. The likelihood function P (x|θ) is the intergration of

P (x, z|θ) over z:

P (x|θ) =
K∏

k=1

ak

(2π)
D
2 |Σk| 12

exp{−1

2
(x−μk)

TΣ−1
k (x−μk)}

(5)

GMM is trained for each block in each one of the three

color channels. With the obtained GMM, we get our feature

mapping by computing FESS of GMM.

2.3. Free Energy Score Space Encoding

FESS intends to derive feature maps based on the variational

EM algorithm [21]. It derives a lower bound for the likelihood

function so that learning and inference can be performed on

the lower bound instead of the log likelihood.

For any observed sample xi, let Qi(z) denotes the ap-

proximate distribution of the posterior distribution P (z|xi).
The approximate posterior distribution Qi(z) is assumed to

take the same form with P (z) but with different parameter

gi = (gi1, · · · , gik)T [21], that is:

Qi(z) =
K∏

k=1

gik
zk
. (6)

The variational lower bound of the log likelihood function is:

logP (xi|θ) ≥ −KL(Qi(z)||P (xi, z; θ)) = −F(Qi, θ), (7)

whereKL denotes the Kullback-Leibler divergence andF de-

notes the variational free energy.
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Based on the above joint distribution and approximate

posterior distribution, the free energy function F for a given

sample xi can be formulated as:

F(Qi, θ) =EQi(z)[logQ
i(z)− logP (xi, z|θ)]

=EQi(z)[
K∑

k=1

zk(
D∑

d=1

− (xid − μd)
2

2σ2d
− log(2π)

D
2

D∏

d=1

σd)

+
K∑

k=1

zklog
gik
ak

].

(8)

FESS uses the resulting terms as feature maps [17]. The ele-

ments of the obtained score function contain three groups:

Φfitx =

K,D∑

k,d=1

gik(−
(xid − μd)

2

2σ2d
− logσd(2π)

D
2 ) =

K∑

k=1

Φfitxk .

(9)

Φfitz =
K∑

k=1

giklogak =
K∑

k=1

Φfitzk . (10)

Φentz =

K∑

k=1

giklogg
i
k =

K∑

k=1

Φentzk . (11)

The fitness group Φfit measures how well the sample fits the

model, the entropy group Φent measures how uncertain the fit

is. Therefore, for input sample xi, we obtain a set of feature

mapping under the GMM:

Φ(xi) = vec({Φfitxk ,Φfitzk ,Φentzk }k). (12)

The dimension of the mapping is 3×K.

Discriminative features are extracted by using Eq. (12)

rather than directly stacking the low level feature vector. By

using this feature mapping, we get two benefits. First, the

feature mapping by (9) includes a data normalization proce-

dure (xid − μd)
2/(2δ2d), which reduces the metric difference

among different features. Second, the feature mapping by Eq.

(10) and Eq. (11) exploit the additional information contained

in the hidden variable z. This information usually represents

higher level concepts hid in the observed random variables,

like the cluster or mixture center in image representation us-

ing the bag-of-words model [22].

Similar to [20], FESS maps obtained for each pixel in a

certain block are summed up and averaged to give the FESS

encoding for this block:

Φ =
1

Np

Np∑

i=1

Φ(xi), (13)

where Np is the number of pixels in the block. The FESS

encodings obtained on all the blocks in the three channels are

concatenated to get the final image representation. The size

of the representation is 3×K × 3× 12.

ETHZ iLIDS CAVIAR4REID

Fig. 1. Sample images from ETHZ, iLIDS, and

CAVIAR4REID datasets. Images in the same column belong

to the same person. For each dataset, five pairs of images are

given.

3. EXPERIMENTAL ANALYSIS

The evaluation of the proposed method is carried out on three

publicly available datastes: ETHZ [23], a variant of iLIDS for

re-identification [2] and CAVIAR4REID [11]. Example im-

ages are shown in Fig.1. Every image is scaled into a fixed

size of 128 × 64 pixels. The number of GMMs is set to

16 in all the experiments. 1-Nearest Neighbor classifier is
adopted for decision making. The results are shown in terms

of recognition rate, by the Cumulative Matching Characteris-

tic (CMC) curve, which represents the expectation of finding

the correct match in the top r matches.

ETHZ dataset [23]. This dataset contains three sub-

datasets: ETHZ1 contains 83 persons, with 4857 images;

ETHZ2 contains 35 persons, with 1961 images; ETHZ3 con-

tains 28 persons, with 1762 images. The moving cameras

setup provides a rang of variations in peoples’ appearance.

The challenges are illumination changes, occlusion and low

resolution.

We randomly selected 5 images for each person to form

the probe and gallery. Comparisons are made with two bench-

mark methods: SDALF [9] and AHPE [10]. Experimental

results are shown in Fig.2. As can be seen, our method gives

much better results than SDALF and AHPE on all of the three

sequences. Especially, on ETHZ2 and ETHZ3, our method

gets 100% recognition rate for ranks greater than 2. We also

compare our methods with two other descriptors using the

same local features: eLDFV [13] and eBiCov [14]. From

Fig.2, we can see that, our method outperforms eBiCov in

multiple shot case. The rank 1 recognition rate on ETHZ1

and ETHZ2 for our method are 95% and 98% versus 92%

and 91% for eBiCov. Our method is inferior to eLDFV on

ETHZ1, but on ETHZ2 and ETHZ3, our method alone per-

forms comparatively with eLDFV, which is the combination

of LDFV, wHSV and MSCR [13].

iLIDS dataset for re-identification [2]. Images of this

dataset are captured indoor at a busy airport arrival hall. As

images are taken from non-overlapping cameras, illumination

changes and occlusions are quite large for this dataset (see

Fig. 1). We use the modified version of the dataset. Individu-

ICIP 20142454



1 2 3 4 5 6 7
75

80

85

90

95

100
CMC ETHZ1

OURS
eLDFV
eBiCov
AHPE
SDALF

1 2 3 4 5 6 7
70

75

80

85

90

95

100
CMC ETHZ2

OURS
eLDFV
eBiCov
AHPE
SDALF

1 2 3 4 5 6 7
70

75

80

85

90

95

100
CMC ETHZ3

OURS
eLDFV
eBiCov
AHPE
SDALF

Fig. 2. CMC curves obtained on ETHZ dataset. All the results are obtained using multiple images per person, the number of

images is set to 5. Comparisons are made with SDALF [9], AHPE [10], eLDFV [13] and eBiCov [14].

5 10 15 20 25
0

20

40

60

80

100
CMC iLIDS #img>=4

OURS N=1
AHPE N=1
OURS N=2
AHPE N=2
SDALF N=2

5 10 15 20 25 30
0

20

40

60

80

100
CMC CAVIAR4REID

OURS
AHPE
SDALF

Fig. 3. CMC curves obtained on iLIDS≥4 (left) and CAVIAR4REID datasets. For CAVIAR4REID dataset, the number of

images is set to 5. Comparisons are made with SDALF [9] and AHPE [10].

als with at least 4 images are chosen, named iLIDS≥4 [10].

Fig.3 (left) illustrates the performance of the proposed

method and two state-of-the-art methods on this dataset. In

the single shot case, our method outperforms AHPE [10], es-

pecially for ranks greater than 5. Increasing the number of im-

ages, the performances of the three methods are all improved.

AHPE and SDALF outperform our method for ranks between

1 and 6. The recognition rate of our method is comparative

with AHPE for ranks greater than 6, showing consistent im-

provements over the results obtained by SDALF.

CAVIAR4REID dataset [11]. This dataset has been ex-

tracted from the CAVIAR dataset, which consists of several

sequences filmed in the entrance lobby of the INRIA Labs

and in a shopping center in Lisbon. Image sizes vary from

17 × 39 pixels to 72 × 144 pixels. 50 different individuals

are captured from two camera views, with 10 images for each

view. Challenges of dataset are low resolution, occlusion, and

pose variation.

Fig.3 (right) gives the performance of our method, SADLF,

and AHPE on CAVIAR4REID dataset. The overall recogni-

tion rate on this dataset is not high. Among the three methods,

SDALF performs the best. In multiple shot cases, our method

performs comparatively with AHPE. Those results indicate

that, in real world scenario, person re-identification is more

challenging.

4. CONCLUSION

In this paper, we propose a new image representation for per-

son re-identification. The new representation is obtained by

encoding local image features through free energy score space

computing of the log likelihood of Gaussian Mixture Model.

We use free energy score space to exploit more information

rather than using low level image features, generating a dis-

criminative fixed-length feature vector. Experiments are con-

ducted on three benchmark datasets against several state-of-

the art methods. Convincing experimental results demon-

strate the effectiveness of the proposed method for person re-

identification. In the future, we will design more effective

methods for person re-identification.
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