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ABSTRACT

This paper presents a localized multi-kernel discriminative

canonical correlation analysis (LMKDCCA) approach for

video-based person re-identification, which aims to match

persons from pedestrian videos captured by non-overlapping

cameras. Unlike conventional methods, our approach models

each pedestrian video as a point on the Riemannian manifold

and learns similarity over these points under the multiple

kernel learning framework. For each given person video,

we first represent it as a symmetric positive definite (SPD)

matrix which lies on a Riemannian manifold and compute the

similarity of multiple SPDs. Then, we develop an LMKD-

CCA algorithm to learn a nonlinear distance metric which

effectively combines these SPDs to exploit complementary

information for similarity measure. Experimental results

on the iLIDS-VID and PRID 2011 datasets show that our

approach achieves the state-of-the-arts.

Index Terms— Person re-identification, canonical corre-

lation analysis, multiple kernel learning

1. INTRODUCTION

Person re-identification, which refers to matching pedestrians

across non-overlapping cameras, has numerous potential ap-

plications in visual surveillance and receives increasing inter-

ests in recent years [1]. It is a challenging problem since the

image or video quality is intrinsically limited by the complex

inter-camera variances like variations of camera viewpoints,

poses, illumination changes and partial occlusions. Many ex-

isting works [2–4] focus on either robust appearance feature
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representation or discriminative metric learning on still im-

ages to reduce the influence of inter-camera variances.

Fig. 1. The basic idea of our approach. For each video,

we model it with multiple SPD matrices indicted by different

kernels, which lie on a Riemannian manifold. Then, we de-

velop an LMKDCCA algorithm to iteratively combine SPDs

and learn a nonlinear distance metric.

Instead of still image, many video based person re-

identification approaches have been developed in recent

years [5–15]. The reason is that videos contain more abun-

dant spatial-temporal information about the motion of pedes-

trians, and weaken the disturbance of pose variations and

occlusion. Existing video based works can be divided into

two categories: video representation and metric learning.

Video representation methods focus on the utilization of tem-

poral information. For example, methods in [5, 13] combine

the inter-frame information with appearance information, and

Liu et al. [8] develop a space-time body-action method. Met-

ric learning methods concentrate on reducing the intra-class

variance, such as ranking and selecting video segments [5],

learning a dictionary to sparsely encode features [7], and

learning the top-push distance [11]. Although conventional

video-based methods have made great progress, there are

several challenges still unsolved, such as the representation

of video, the similarity of walking actions and the increase of

intra-class variance.



To address these limitations, we propose an LMKDCCA

approach which represents videos as multiple SPD matrices

and learns a metric under the multi-kernel learning frame-

work. Figure 1 illustrates the basic idea of our approach. Un-

like previous space-time features such as Optical Flow En-

ergy [13] and HOG3D [16], we model videos by multiple

SPD matrices on a Riemannian manifold. The manifold em-

bodies the inherent structure and the combined representation

overcomes the influence of various person poses and video

lengths. Furthermore, our LMKDCCA algorithm projects the

SPD matrices to a pair of discriminative geodesic subspaces

and combines multiple SPDs locally to get a robust accurate

video representation with complementary information. Per-

formance evaluations on two available video datasets includ-

ing PRID 2011 [17] and iLIDS-VID [5] show the effective-

ness of our proposed approach.

2. APPROACH

In this section, we describe the LMKDCCA approach which

models videos by multiple SPD matrices and learns a nonlin-

ear distance metric in detail.

2.1. Video Modeling by SPD Matrix

Let X = {x1, x2, . . . , xn} be a pedestrian video containing

n frames, where xi ∈ Rd denotes the feature of the ith frame

in the video. We model the video as multiple d × d SPD

matrices Sm = {Sm
ij }, which lie on a Riemannian manifold.

One effective SPD representing method is induced by kernel

function as [18]:

Skernel(i, j) = 〈φ(fi), φ(fj)〉 = κ(fi, fj), (1)

where φ(·) is an implicit nonlinear mapping function, 〈·, ·〉
means inner product, κ(·, ·) is the corresponding kernel func-

tion, and fi, 1 ≤ i ≤ d is the ith row of X .

Different kennel functions will induce different SPD ma-

trices. For example, we employ the Gaussian RBF kernel to

get the SPD matrix as:

κRBF (fi, fj) = exp(−γ||fi − fj ||2), (2)

where γ is the radial scale parameter of Gaussian RBF kernel.

Furthermore, to fuse appearance feature with kernel ma-

trices, we suppose that frames xi obey a Gaussian distribution

N(μ,Σ), where μ is the mean of frame features, and Σ is the

covariance matrix. Then we get the SPD matrix by [19]:

SGaussian = |Σ|− 1
d+1

[
Σ+ μμT μ

μT 1

]
. (3)

Compared with previous pedestrian video representing

methods, modeling videos with SPD matrices has two advan-

tages. 1) The SPD matrix lies on a Riemannian manifold,

which embodies the inherent structure of data and concen-

trates the discriminative parts of videos. 2) Our representation

exploits correlation information of all frames instead of adja-

cent frames, which is not affected by the variation of poses,

video lengths and occlusions. Moreover, by combining mul-

tiple SPD matrices calculated in different ways, we exploit

complementary information to represent person videos ro-

bustly and validly.

2.2. Localized Multi-kernel Discriminative CCA

Having modeled pedestrian videos captured from two cam-

eras as SPD matrices Xi ∈ Sym+
d and Yi ∈ Sym+

d on a Rie-

mannian manifold, we learn projection operations fx(·), gy(·)
to map points on the manifolds into the best pair of geodesic

subspaces respectively. In the projection subspaces, the sim-

ilarity between SPDs is measured more accurately. In order

to learn discriminative projection operations, we maximize

inter-class variations and minimize intra-class variations with

an optimization problem as follows:

min
∑
i,j

ωij ||fx(Xi)− gy(Yj)||2F

s.t
∑
i

||fx(Xi)||2F = 1,
∑
j

||gy(Yj)||2F = 1,
(4)

where ωij is the pair-wise label which equals to 1 if Xi and

Yj belong to the same people. Otherwise, it equals to -1/n.

Generally, it is difficult to compute the distance between

two points on the Riemannian manifold directly. Hence, we

introduce the implicit function φ : Xi → φ(Xi) which maps

SPD matrices to a Hibert space. Thus, the projection opera-

tions are written as linear matrices lying on the span of pro-

jected training data. And we employ the kernel trick on the

Riemannian manifold to calculate the distance between pro-

jected points:

WT
x φ(Xi) =

∑
n

αnφ(Xn)
Tφ(Xi) =

∑
n

αnK(Xn, Xi), (5)

WT
y φ(Yi) =

∑
n

βnφ(Yn)
Tφ(Yi) =

∑
n

βnK(Yn, Yi), (6)

where Wx,Wy are original linear projection matrices, and

α = [α1, α2, . . . , αn]
T , β = [β1, β2, . . . , βn] are projection

operations induced by kernel function. K(·, ·) means the ker-

nel function and we apply the kernel proposed by Wang et al.
in [20], which is effective and easy to be calculated:

K(Xi, Xj) = tr[log(Xi) · log(Xj)]. (7)

Then, with this kernel function, we compute the distance of

two SPD matrices on the Riemannian manifold and reformu-

late the optimization function (4) in the following:

min
∑
i,j

ωij ||αTK(i)
x − βTK(j)

y ||2F

s.tαTα = I, βTβ = I,

(8)



where K
(i)
x ,K

(i)
y stand for the ith column of kernel matrices.

K(i)
x = [K(X1, Xi),K(X2, Xi), . . . ,K(Xn, Xi)]

T

K(i)
y = [K(Y1, Yi),K(Y2, Yi), . . . ,K(Yn, Yi)]

T ,
(9)

Furthermore, we weight different SPD matrices obtained

in different ways to exploit complementary information and

get more accurate video representing. Different from other

methods which assume weights are same to all the samples,

we argue that weights should be data-adaptive and introduce

a localized multi-kernel learning [21] algorithm, which com-

bines multiple SPD matrices locally. In this framework, we

apply the gating function ηm(·), which is learned from data

to combine SPD matrices as follows:

Kxη(i, j) =

p∑
m=1

ηm(Km
x

(i))Km
x (i, j)ηm(Km

x
(j))

Kyη(i, j) =

p∑
m=1

ηm(Km
y

(i))Km
y (i, j)ηm(Km

y
(j)),

(10)

where the Km
x ,Km

y are kernel matrices computed by the mth

pair of SPD matrix representations about videos X,Y . And

Km(i) means the ith column of Km. We select the soft-

max function [22] as gating function ηm(·) due to its non-

negativity and monotonicity:

ηm(Km
x

(i)) =
exp(vTmKm

x
(i) + vm0)∑p

k=1 exp(v
T
k K

m
x

(i) + vk0)
, (11)

where the vk ∈ Rn×1 and vk0 ∈ R1 are the parameters to

be learned. To this end, the final objective function can be

written as follows by applying Lagrange multiplier method:

minL =
∑
i,j

ωij ||αTKx(i)
η − βTKy(j)η ||2F

+ μ||α||2F + μ||β||2F .
(12)

To solve the optimization problem in (12), we update pro-

jection matrices α, β and the parameters vm, vm0 of gating

function ηm by using an iterative algorithm. Firstly, we ini-

tialize the parameters vm, vm0, and compute the weighted

SPD matrix and corresponding kernel Kxη,Kyη . The prob-

lem turns to be the classical kernel based CCA (8) and can be

solved by the following generalized eigenvalue problem:[
0 Kxy

KT
xy 0

] [
α
β

]
= Λ

[
Kxx 0
0 Kyy

] [
α
β

]
, (13)

where Kxy = KxηKyη , Kxx = KxηKxη , Kyy = KyηKyη .

Then, by fixing α, β, we use gradient descent method to up-

date vm and vm0 as follows:

vt+1
m = vtm − l

∂L
∂vm

vt+1
m0 = vtm0 − l

∂L
∂vm0

,

(14)

Algorithm 1: LMKDCCA

Input: Training data with different representing Km
x ,Km

y ,

learning rate l, iteration number N and convergence con-

dition ε.
Output: projection matrices α, β and the parameters of gat-

ing function vm, vm0

1: Initialize the parameters v0m, v0m0;

2: for all t = 1, 2, . . . , N do
3: Get the weighted kernel Kxη,Kyη by (10);

4: Solve the eigenvalue problem in (13)

5: Obtain projection matrices α, β;

6: Update vm, vm0 by using (14);

7: if t > 1 and |Lt − Lt−1| < ε then go to return
8: end if
9: end for

10: return α, β and vm, vm0

where l is the learning rate. Algorithm 1 summaries the detail

procedure of our method LMKDCCA.

Moreover, we learn projection operators for the mean of

appearance representation with the same learning framework

as (4), which is formulated by classical CCA [24] about con-

ventional vector feature x̄, ȳ and linear projection matrices

Wx,Wy . Finally, we measure the similarity of person videos

by combing the distance of SPD matrix representation and

average appearance representation.

In the testing stage, given the gallery videos G = {Gk}
and probe video P , we first compute kernel matrices as (10)

with learned parameters. Then, we respectively calculate the

scores of SPD matrix representations and average appearance

representation. Finally, we match the P with Gk by combin-

ing the two scores with a rate σ:

k = argmin
k

dS(Gk, P ) + σdM (Gk, P ), (15)

where σ, as a normalization coefficient, is equal to the ratio

between norms of two features.

3. EXPERIMENTS

3.1. Datasets and Setting

We evaluated our method on two available pedestrian video

datasets including iLIDS-VID [5] and PRID 2011 [17]. The

iLIDS-VID dataset contains 600 pieces of videos for 300 ran-

domly sampled people, which have variable lengths from 23

to 193 frames. We randomly selected half of pedestrians for

training and the other are used to test, and took the average cu-

mulative matching characteristic (CMC) cure in ten trials as

the evaluating indicator, referring to the experiment settings

in [5]. For the PRID 2011 dataset which includes 400 videos

with 5 to 675 frames, we selected 178 persons with more than

27 frames in both cameras. The dataset was randomly divided

into training set and testing set by half, which is same to [5].



Table 1. Comparison with state-of-the-art person re-identification methods on the iLIDS-VID and PRID 2011 datasets.

Method iLIDSVID PRID 2011
Rank=1 Rank=5 Rank=10 Rank=20 Rank=1 Rank=5 Rank=10 Rank=20

DynFV+LDFV [15] 28.8 55.0 70.6 82.0 43.6 69.0 79.4 92.7

DVDL [7] 25.9 48.2 57.3 68.9 40.6 69.7 77.8 85.6

SDALF+DVR [5] 41.3 63.5 72.7 83.1 48.3 74.9 87.3 94.4

TDL [11] 56.7 80.0 87.6 93.6 56.3 87.6 95.6 98.3

McLaughlin [12] 58.0 84.0 91.0 96.0 70.0 90.0 95.0 97.0

AvgTAPR [14] 55.0 87.5 93.8 97.2 68.6 94.6 97.4 98.9

mvRMLLC+ST+Alignment [13] 69.1 89.9 96.4 98.5 66.8 91.3 96.2 98.8

STFV3D+KISSME [8] 44.3 71.7 83.7 91.7 64.1 87.3 89.9 92.0

LOMO+KISSME+SRID [23] 65.5 85.4 91.3 95.7 83.0 95.3 97.5 99.3

LOMO+SPD 29.4 56.8 69.7 81.9 51.2 83.5 92.2 97.0

KDCCA+SPD 48.7 80.5 89.4 96.1 70.6 93.6 98.4 99.8

KDCCA+appearance 60.3 80.6 87.3 90.9 76.7 92.8 95.9 98.0

GMKDCCA 70.6 90.1 93.8 97.3 83.0 96.1 99.4 99.8

LMKDCCA 73.3 90.5 94.7 98.1 86.4 97.5 99.6 100

In the experiments, we extracted the LOMO [2] feature

as the original representation for each frame in the videos.

Moreover, with the rate of positive samples and negative sam-

ples, r = 1 : 2, and the step size, l = 1.5 × 10−4, the loop

of iterative optimization algorithm in Algorithm 1 stopped at

the 12th iteration.

3.2. Results and Analysis

We report the performance of our method LMKDCCA and

most existing video based person re-identification approaches

in Table 1. The comparison with the state-of-the-art methods

and some contrast experiments is as follows.

Compared with state-of-the-art methods: The first

group of Table 1 tabulates the matching rate of the state-of-

the-art methods on both two datasets. The results show that

our proposed approach outperforms than most other state-

of-the-art methods. For instance, with the same feature, the

Rank-1 matching rate of our method is 4.1% higher than the

KISSME-SRID method on the PRID 2011 dataset and 11%

on the iLIDS-VID dataset. Compared with methods which

model videos with the inter-frame spatial-temporal informa-

tion like DVR and STFV3D+KISSME, our approach im-

proves 65% and 70% respectively on the iLIDS-VID dataset.

The reason is that our method takes the connection of all

frames of video into account on the Riemannian manifold,

while most compared method just consider the information

of adjacent frames. However, similarity of samples is lim-

ited with the discrimination increasing, the Rank-10 and

Rank-20 matching rate of our performance are less than

mvRMLLC method. Moreover, TDL [11] and mvRMLL-

C+ST+Alignment [13] have higher performance on iLIDS-

VID dataset, KISSME-SRID is particularly effective on the

other, while our LMKDCCA algorithm performs outstand-

ing on both two datasets because we combine different SPD

matrix representations to exploit complementary information.

Evaluations with different adjustment: In the second

group of Table 1, we analysed our approach LMKDCCA by

comparing with different adjustments. We modeled videos

by Gaussian SPD matrix representation with LOMO feature

as the baseline. And we evaluated our basic kernel based dis-

criminative CCA (KDCCA) method which learns the metric

on the Riemannian manifold. It gets a great improvemen-

t that rises the Rank-1 matching rate almost 20% on the both

two datasets and achieves the comparable performance with

the method applying the average appearance representation as

feature. In addition, we combined three SPD matrices and the

mean of appearance feature to exploit complementary infor-

mation for discriminative similarity measure, where two SPD

matrices are induced by RBF kernel with γ = 1, 10 in (2) and

one is Gaussian SPD matrix in (3). Compared with GMKDC-

CA method [25] which combines the SPD matrices for all the

samples in a same weight, our proposed LMKDCCA method

weights different SPD matrix representations locally and gets

a better performance due to the considering characteristics of

each sample.

4. CONCLUSIONS

In this work, we have proposed a SPD matrix model on

the Riemannian manifold to represent person videos for re-

identification. The model contains the global inter-frame con-

nection and overcomes the variations of pose, video length

and occlusion. In addition, we have developed a localized

multi-kernel based discriminative canonical correlation anal-

ysis algorithm (LMKDCCA) method, to weight different SPD

matrices for a more valid representing and learn a distance

metric. We evaluated our method on two public video person

re-identification datasets, and demonstrated the superiority

of our proposed approach over state-of-the-art methods. For

future work, we are studying a more effective metric over

the Riemannian manifold to compute the geodesic distance

between two person videos.
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